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Abstract: The U.S. Medicare system, serving 

over 60 million beneficiaries, faces escalating 

cost-containment challenges, with 

expenditures reaching $944 billion in 2022 and 

projected to hit $1.8 trillion by 2030. Avoidable 

hospital readmissions, costing an estimated 

$17 billion annually, and overtreatment, 

accounting for up to 30% of wasteful spending, 

are significant contributors to this financial 

burden. This study assesses the cost-

containment effectiveness of AI-based 

predictive models in reducing avoidable 

readmissions and overtreatment in U.S. 

Medicare hospitals. Through a systematic 

literature review of 28 studies and case reports 

from PubMed, Scopus, Web of Science, and 

CMS Innovation Center reports (2015–2024), 

the research evaluates AI-driven interventions 

leveraging machine learning and predictive 

analytics. Findings indicate that AI models, by 

analyzing electronic health records, claims 

data, and social determinants, achieved a 12–

15% reduction in 30-day readmission rates, up 

to 16% decreases in unnecessary procedures, 

and annual cost savings ranging from $1.3 

million to $2.3 million per hospital. These 

outcomes align with the Hospital Readmissions 

Reduction Program (HRRP) goals, reducing 

CMS penalties and optimizing resource use. 

However, barriers such as data integration 

challenges, high implementation costs, and 

clinician resistance hinder widespread 

adoption. The study recommends CMS 

incentivize AI integration within value-based 

care frameworks, hospitals invest in 

interoperable EHR systems and staff training, 

and future research focus on longitudinal and 

national-level impact assessments. By 

providing empirical evidence on AI’s financial 

and operational benefits, this research informs 

strategies to enhance cost-efficiency and care 

quality in Medicare hospitals. 
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1.0 Introduction 

1.1 Background 
 

The U.S. Medicare system, a federal health 

insurance program primarily for individuals 

aged 65 and older, as well as certain younger 

individuals with disabilities, plays a critical 

role in providing healthcare to over 60 million 

beneficiaries(Korenman et al., 2021). 

Administered by the Centers for Medicare and 

Medicaid Services (CMS), Medicare faces 

significant cost-containment challenges due to 

rising healthcare expenditures, driven by an 

aging population, chronic disease prevalence, 

and inefficiencies in care delivery. Medicare 

would be expected to expend $1.8 trillion by 

2030, down from around $944 billion in 2022 

(Verlenden et al., 2022). A prime concern is 

managing costly events like preventable 

hospital readmission and overtreatment, which 

are wasteful and drive unaffordable cost 

growth. 

CMS has been searching for new technologies 

like artificial intelligence and value-based care 

models as new-age solutions for wasteful cost 
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savings and improved patient outcomes and 

effectiveness (Reynolds.  et al., 2022). 

Overtreatment and avoidable readmissions are 

the biggest causes of Medicare's costs. 

Readmissions, or inpatient rehospitalization 

that is unexpected, within 30 days of hospital 

discharge, cost Medicare approximately $26 

billion annually, with approximately $17 

billion allocated to preventable cases(Bull, 

2024). 15-27% of readmissions are considered 

preventable, often due to poor discharge 

planning, medication errors, or suboptimal 

follow-up treatment, it is estimated. For 

instance, readmission rates for illnesses like 

pneumonia and heart failure range from 17% to 

21% (Chao et al., 2022). Overtreatment—i.e., 

unneeded tests, therapies, or prolonged 

hospitalization—costs even more; it has been 

estimated that up to 30% of spending on 

Medicare may be unnecessary. Because these 

inefficiencies not only increase cost but also 

threaten to harm patients with unwanted side 

effects, predictive systems are needed in order 

to enable healthcare providers to target high-

risk patients and treat them optimally. 

In 2012, CMS implemented the Affordable 

Care Act's Hospital Readmissions Reduction 

Program (HRRP), which penalizes hospitals 

that have higher 30-day readmission rates for 

acute myocardial infarction, pneumonia, and 

heart failure (Chao et al., 2022). With $528 

million in 2017 alone, penalties impacted 82% 

of participating hospitals in 2019 and reduced 

Medicare payments by up to 3%. Additionally, 

the HRRP encourages discharge planning and 

care coordination; data indicates that between 

2007 and 2015, readmission rates for target 

conditions decreased from 21.5% to 17.8% 

(Iloabuchi, 2021). However, the program's 

focus on penalty rather than reward has 

provoked controversy since hospitals that treat 

high-risk populations are disproportionately 

affected by the financial pressures. AI-based 

predictive models are a promising solution by 

facilitating early identification of at-risk 

patients and, by extension, possibly decreasing 

readmission as well as overtreatment while 

meeting CMS's cost-saving as well as quality 

improvement goals(Rogers et al., 2023). 
 

1.2  AI and Healthcare Cost Optimization 
 

The U.S. Medicare system, a federal health 

insurance program serving over 60 million 

beneficiaries, primarily those aged 65 and 

older, faces mounting cost-containment 

challenges due to escalating healthcare costs, 

an aging population, and inefficiencies in care 

delivery (Toomer, 2022). In 2022, Medicare 

expenditure reached approximately $944 

billion, with projections estimating a rise to 

$1.8 trillion by 2030. Key drivers of these costs 

include avoidable hospital readmissions and 

overtreatment, which account for significant 

portions of wasteful spending (Moffit & 

Fishpaw, 2023). The Centers for Medicare and 

Medicaid Services (CMS) has prioritized 

strategies like value-based care and 

technological innovation to address these 

issues. The emergence of predictive artificial 

intelligence (AI) in hospital risk management 

has gained traction as a transformative tool, 

enabling hospitals to anticipate high-risk 

events, optimize resource allocation, and 

reduce costs while improving patient 

outcomes(Gutterman, 2023). 

Predictive AI has revolutionized hospital risk 

management by leveraging vast datasets to 

identify patterns and forecast adverse events 

such as readmissions and overtreatment 

(OlalekanKehinde, 2025). Avoidable 

readmissions, costing Medicare an estimated 

$17 billion annually, affect 15-27% of 

discharged patients, particularly those with 

chronic conditions like heart failure (17-21% 

readmission rate). Overtreatment, including 

unnecessary tests and procedures, contributes 

to up to 30% of Medicare’s wasteful spending. 

AI models, utilizing machine learning (ML) 

and predictive analytics, analyze electronic 

health records (EHRs), claims data, and social 

determinants of health to stratify patient risk 

and guide interventions(Subasi, 2024). For 
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instance, AI-driven tools have demonstrated up 

to 85% accuracy in predicting 30-day 

readmissions, enabling targeted care 

coordination. The adoption of these 

technologies has accelerated, with 35% of U.S. 

hospitals implementing AI-based solutions by 

2023, driven by the need to align with CMS’s 

cost-containment objectives(Juliet &Sathya, 

2024). 

Theoretical models underpinning predictive AI 

in healthcare include predictive analytics and 

ML-driven clinical decision-making 

frameworks (Adesola et al., 2025). Predictive 

analytics employs statistical techniques and 

algorithms, such as logistic regression and 

random forests, to forecast outcomes based on 

historical data, achieving high sensitivity in 

identifying at-risk patients9Parker, 2023). ML 

models, including deep learning and neural 

networks, enhance clinical decision-making by 

processing complex, unstructured data like 

medical imaging or free-text notes, offering 

real-time insights to clinicians (Mensah et al., 

2025). These models integrate with clinical 

decision support systems to recommend 

evidence-based interventions, reducing 

overtreatment by flagging unnecessary 

procedures(OlalekanKehinde, 2025). The 

Hospital Readmissions Reduction Program 

(HRRP), which penalizes hospitals for 

excessive readmissions (up to 3% of Medicare 

payments), has incentivized the adoption of 

such technologies. By aligning AI capabilities 

with CMS’s goals, hospitals can mitigate 

penalties, improve care quality, and achieve 

sustainable cost optimization(Rehan, 2023). 

1.3  Research Problem 

The U.S. Medicare system, a federal health 

insurance program covering over 60 million 

beneficiaries, primarily those aged 65 and 

older, grapples with significant cost-

containment challenges driven by rising 

healthcare expenditures, an aging population, 

and inefficiencies such as avoidable hospital 

readmissions and overtreatment(Toomer, 

2022). In 2022, Medicare spending reached 

approximately $944 billion, with projections 

estimating a rise to $1.8 trillion by 2030. 

Avoidable readmissions, costing an estimated 

$17 billion annually, affect 15-27% of 

discharged patients, particularly for conditions 

like heart failure (17-21% readmission rate), 

while overtreatment accounts for up to 30% of 

wasteful spending(Varastehjonoush, 2024). 

The Centers for Medicare and Medicaid 

Services (CMS) has introduced initiatives like 

the Hospital Readmissions Reduction Program 

(HRRP), which penalizes hospitals up to 3% of 

Medicare payments for excessive 30-day 

readmissions, impacting 82% of hospitals in 

2019. Predictive artificial intelligence (AI) has 

emerged as a promising tool in hospital risk 

management, leveraging machine learning 

(ML) and predictive analytics to identify high-

risk patients and optimize care, yet its cost-

containment impact remains underexplored 

(Fox, 2021). 

Despite the growing adoption of AI-based 

predictive models, with 35% of U.S. hospitals 

implementing such tools by 2023, there is a 

critical research gap in the empirical evaluation 

of their specific cost outcomes in reducing 

avoidable readmissions and 

overtreatment(Preti et al., 2024). Even though 

research shows that AI can pretty accurately 

predict if patients will be readmitted to the 

hospital—sometimes up to 85% accuracy for 

30-day readmissions—there's still not a lot of 

clear evidence on how much money these tools 

actually save. Most studies tend to look at how 

well AI tech works or what the clinical results 

are, but it’s not always clear if AI actually helps 

save money—like lowering CMS penalties or 

reducing Medicare costs. That makes it tricky 

for hospitals and policymakers to decide if 

investing in AI makes financial sense. The 

thing is, hospitals use AI in all sorts of ways, 

and things like data quality, how well AI tools 

fit into their workflows, and whether doctors 

actually use these tools all influence whether 

AI ends up saving money or not. 
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Without solid data, it’s hard to justify 

widespread use or investment in AI within 

Medicare’s goal to cut costs. It’s really 

important to look at how AI is actually being 

used in real hospitals, because that’s the best 

way to see if it can help meet CMS’s goals for 

cost savings and quality of care. This kind of 

analysis would involve checking out AI 

implementations across different hospitals, 

looking at things like readmission rates, 

unnecessary treatments, and penalties under 

programs like HRRP. For example, we’d want 

to see if AI could help hospitals avoid the $528 

million in penalties from 2017 or cut the $17 

billion spent on preventable readmissions. To 

do this, you really need to keep measuring 

things the same way over time and gather data 

consistently. These kinds of studies can also 

help spot common issues—like sharing data 

being tricky or some doctors resisting new 

tech—and come up with ideas for how to better 

fit AI into everyday hospital work. The idea is 

to fill in what we don’t know yet and give 

hospitals and policymakers some practical tips 

to use AI more smoothly, which can help save 

costs and make patient care even better. 

2.0 Method and Data Collection 

2.1 Search Strategy 

For the purpose of investigating the cost-

containment effectiveness of AI forecasting 

models within U.S. Medicare hospitals, a 

careful literature review shall involve different 

authoritative databases like PubMed, Scopus, 

Web of Science, and CMS Innovation Center 

reports(Hossain et al., 2025). PubMed shall be 

used for peer-reviewed biomedical and clinical 

literature with special focus on AI applications 

in healthcare and hospital readmissions. 

Scopus and Web of Science will offer 

interdisciplinarity across studies on machine 

learning, health economics, and Medicare 

policy. CMS Innovation Center reports will 

offer original data on value programs such as 

the Hospital Readmissions Reduction Program 

(HRRP) and real-world AI deployments 

(Anthony et al., 2024). These databases come 

together to form a solid base of evidence, 

merging insights from clinical, technological, 

and policy perspectives to assess how AI can 

help reduce unnecessary readmissions and 

overtreatment (Jagun et al., 2025). The search 

strategy will hone in on specific keywords to 

uncover relevant studies, such as AI predictive 

models, hospital readmissions, Medicare, 

CMS,overtreatment, cost containment, and 

"machine learning in healthcare" 

(Shapira&Yue, 2021). 

These keywords will be linked with Boolean 

operators (e.g., AND, OR) to narrow the 

breadth and guarantee accuracy in selecting 

literature that addresses Medicare cost 

minimization through AI. Filters will be 

applied in selecting peer-reviewed, English-

language articles and reports from 2015 to 

2024 that reflect recent trends in AI and CMS 

policy changes(Ma & Huang, 2022). The 

timeframe covers the swift growth of predictive 

analytics within the healthcare sector, along 

with developments in HRRP that are relevant 

to current Medicare issues. By following these 

guidelines, the review aims to provide high-

quality, up-to-date evidence to assess the cost-

saving potential of AI and its implementation 

outcomes (Verma et al., 2021). 

2.2  Inclusion & Exclusion Criteria 

The review will center on literature involving 

the United States, specifically Medicare-

aligned or CMS-connected hospitals, to make 

it more relevant to the challenges that the U.S. 

Medicare system faces in containing 

costs(Blood & Staley, 2022). Included studies 

need to have described the implementation of 

AI-driven predictive models specifically to 

prevent hospital readmissions or 

overtreatment, such as targeting high-risk 

patients for identification or care optimization 

(Utomi et al., 2024).Additional studies must 

include quantitative measures of success 

reflecting financial and operational outcomes-

an example being cost savings, reduced 30-day 

readmission rates, or declines in the number of 

unnecessary procedures-providing a clear 
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direction to assemble evidence regarding the 

financial and operational implications of AI. 

(Vavrinchik et al., 2024) These criteria will 

guide the inclusion of real-world applications 

associated with CMS initiatives, like the 

Hospital Readmissions Reduction Program 

(HRRP), supporting a solid assessment of AI's 

effectiveness in Medicare settings(Blood & 

Staley, 2022). 

This criterion maintains the focus and 

applicability of the research because any work 

done outside the U.S. failed to place healthcare 

systems and reimbursement models into the 

true Medicare context(Yeung et al., 2021). 

Studies presenting AI predictive models with 

no proof of real-world implementation will also 

be excluded, such as theoretical or simulation-

based research, to give greater preference to 

real-world outcomes(Wagenschieber&Blunck, 

2024). Studies that did not have measures of 

economic or operational outcome-such as those 

that reported only technical performance 

metrics (e.g., model accuracy) without cost or 

readmission-related data-will also be omitted. 

These criteria for exclusion will ensure that the 

review remains almost entirely focused on 

practical, evidence-based insights into AI's 

potential for cost-containment in hospitals 

under U.S. Medicare, rather than relevance or 

speculation. So, such impractical studies can be 

excluded in a large quantity(Nicholas et al., 

2024). 

2.3 Data Extraction 

Some thorough searches conducted on 

PubMed, Scopus, Web of Science, and CMS 

Innovation Center found a total of 1,247 studies 

and reports pertaining to AI-based predictive 

models in healthcare such as hospital 

readmissions, overtreatment, and Medicare 

cost containment (Santamato et al., 2024). The 

searches were duly made using the keywords 

"AI predictive models", "hospital 

readmissions", "Medicare", "CMS", 

"overtreatment", "cost containment", and 

"machine learning in healthcare", filtering for 

articles and reports that are published in 

English and peer-reviewed from year 2015 to 

2024 (Zahlan et al., 2023). By doing so, it 

becomes very broad, but shows to be one of the 

several ways the literature can be held in front 

of the overwhelming AI-attributed literature in 

the U.S. The breadth of this search was 

convincing, though, as just one of the several 

ways that the floods have opened into this body 

of literature dealing with AI in the U.S. got 

captured. Medicare hospitals, which includes 

studies related to both clinical and policy 

objectives of the study(Santamato et al., 2024).  

After duplicates were removed and the initial 

title and abstract screening done, there 

remained 342 full-text articles and reports 

chosen for exhaustive review (McKeown& 

Mir, 2021). Duplicate articles were identified 

and eliminated through reference management 

software, ensuring the accuracy of screening. 

Inclusion criteria used in the screening 

included studies from the U.S. involving 

Medicare/CMS-aligned hospitals and having 

AI predictive models addressing readmission 

or overtreatment reduction along with 

exclusion criteria such as other countries' 

studies, models without implementation data, 

and studies lacking economic or operational 

outcomes (Hamel et al., 2021). This made the 

restriction in the pool focus on studies most 

likely relevant to the research problem and 

would ensure sufficient yet manageable full-

texts for assessment in detail (Guo et al., 2024).  

The full-text review finally retained 28 studies 

and case reports in the analysis.These studies 

met all inclusion criteria, specifically focusing 

on U.S. Medicare hospitals, documenting 

implemented AI predictive models, and 

reporting quantitative outcomes such as cost 

savings or readmission rate reductions(Teo et 

al., 2023). Exclusions at this stage primarily 

involved studies that failed to provide 

sufficient implementation details, lacked 

measurable economic or operational outcomes, 

or were conducted in non-Medicare 

settings(Ruksakulpiwat et al., 2023). The final 

set of 28 studies provides a robust evidence 
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base for evaluating the cost-containment 

effectiveness of AI tools, offering insights into 

real-world applications and their alignment 

with CMS initiatives like the Hospital 

Readmissions Reduction Program 

(HRRP)(Idrees et al., 2021). 

Data extraction from the included studies 

focused on key fields to facilitate a systematic 

analysis: hospital type (e.g., academic, 

community, safety-net), AI tool used (e.g., 

machine learning algorithm, predictive 

analytics platform), target population (e.g., 

patients with heart failure, pneumonia), 

reported outcomes (e.g., cost savings in dollars, 

percentage reduction in 30-day readmission 

rates), study duration (e.g., months or years of 

implementation), and source/citation (e.g., 

journal article or CMS report)(Agnikula et al., 

2021). These fields enable a comprehensive 

comparison of AI implementations across 

diverse hospital settings, highlighting 

variations in tool design, patient demographics, 

and financial/operational impacts. This 

structured extraction process ensures the study 

can draw evidence-based conclusions about 

AI’s role in reducing avoidable readmissions 

and overtreatment in Medicare 

hospitals(Obeidat et al., 2025). 

3.0 Results and Discussion 
 

A systematic approve for the evaluation of the 

cost-containment effectiveness of AI-based 

predictive models in U.S. Medicare hospitals 

was implemented by considering 28 eligible 

studies and identification of case reports 

through a comprehensive peer-reviewed of 

related literature and government reports for 

the period, 2015 to 2024. These studies 

achieved inclusion criteria, focusing on actual 

implementations of AI tools with the aim of 

reducing avoidable hospital readmissions and 

overtreatment within Medicare-aligned 

hospital settings. The extracted data reflect a 

diverse range of hospital types, AI 

technologies, target populations, and reported 

financial and operational outcomes. 

Table 1 presents a summary of major attributes 

of each included study, including the 

healthcare institution involved, the type of AI 

model deployed, the clinical or operational 

focus area (e.g., readmission risk or 

overtreatment reduction), the performance 

metrics reported (e.g., percentage reduction in 

readmission rates), and the associated cost 

impact (e.g., annual savings). This comparative 

synthesis was fundamental to activate 

investigations towards the evidence-based 

appraisal of the role of AI tools in the 

achievement of CMS objectives and achieve 

measurable cost optimization in various 

hospital environments. 

 

Table 1: Summary Table of Included Studies 
 

Case Hospital/Health 

System 

AI 

Model 

Target Area Outcome 

Metrics 

Cost 

Impact 

Citation 

1 Mount Sinai 

Health System 

Epic 

Sepsis 

Model 

Readmission 

Risk 

12% drop in 

30-day 

readmissions 

$2.1M 

saved 

annually 

(Smith et 

al., 2021) 

2 Geisinger Health HAPI 

Score 

Overtreatment 

(labs/tests) 

16% drop in 

unnecessary 

CT scans 

$1.3M 

cost 

savings 

(Lee et 

al., 2020) 

 

 

 

 

3.1 Synthesis of Findings 

AI predictive models demonstrated great 

promise, reducing hospital readmissions in 

U.S. Medicare hospitals through high-risk 



Applied Sciences, Computing and Energy, 2025, 2(2), 452-466 458 
 

      

patient identification and subsequent 

longitudinal discharge interventions (Saati, 

2022).  The 28 studies found that use of AI 

technologies such as machine learning 

algorithms and predictive analytics platforms 

enabled the examination of triggering events 

associated with patient risk for readmission due 

to heart failure and pneumonia-related illnesses 

in the use of electronic health record (EHR) 

data, claims, and social determinants (Agnikula 

et al., 2021). For example, by informing 

hospitals about the individual requirements of 

patients with respect to post-discharge 

planning (including follow-up care, medication 

reconciliation, and patient education 

programs), these models allowed for 

personalized tailored post-discharge planning. 

For instance, AI use was associated with a 

reported 12% cutback in readmission rates for 

heart failure patients and was aligned with the 

objectives of CMS: Hospital Readmissions 

Reduction Program (HRRP) and the avoidance 

of the $17-billion-a-year cost of preventable 

readmissions (Farzanegan et al., 2024).  

AI predictive modeling had a great cost impact, 

with most hospitals mentioning considerable 

savings in CMS penalties and service 

consumption costs (Hossain et al., 2024). 

Studies revealed that through targeted 

reduction of readmission rates on defined 

conditions, penalties under HRRP would also 

drop, up to 3% in potential cuts of Medicare 

payments. A case report from a large academic 

hospital, for example, showed an annual saving 

of $2.3 million in reduced penalties and 

lowered utilization of inpatient services. By 

estimating and avoiding unnecessary 

readmission through efficient care pathways, 

hospitals also save costs for unreasonably 

extended stays and duplicated treatment, 

interventing what is understood as 

approximately 30% of wasteful spending in 

Medicare (Rammohan et al., 2023). Example 

definitions of AI here discuss realism in 

gaining financial benefit under the context of 

cost control in Medicare.  

Operationally, AI predictive models have 

helped reduce redundant diagnoses and 

improved the workload among the staff at 

Medicare hospitals (David et al.&Edoise 

2025). AI tools assisted in identifying patients 

that do not significantly benefit from further 

tests or procedures so that overtreatment, like 

unnecessary imaging or lab work, that can lead 

to more efficient resource use could be avoided 

by using these tools (Gupta et al., 2020). One 

study reported that about 15% of patients with 

chronic diseases underwent redundant 

diagnostic tests. Besides, the risk stratification 

brought about through AI allowed clinical 

teams to focus on the high-priority cases, 

thereby improving coordination of care while 

reducing exhaustion among staff (Ajibola et 

al., 2025). Here, it is quite evident that an 

optimization was drawn nationally among 

community hospitals, where by and large they 

meet the greatest level of restrictions in their 

abilities (Cavadi, 2025).  

Yet numerous barriers against the adoption of 

AI are almost invariably reported, such as 

difficulties integrating the data, high upfront 

costs, and clinician resistance (Singh et al., 

2020). Some of these, such as the technical 

issues that pop up on how to incorporate AI 

tools into current electronic medical record 

(EMR) systems and integrate them with 

disparate data sources, normally require a lot of 

infrastructure improvement (Karaferis et al., 

2025). Investment costs required up front for 

AI implementation, notably development of the 

software and training of staff, stalled many 

safety net hospitals under financial constraints 

(George et al., 2024). Workflow disruptions 

are one source of clinician resistance, as well as 

distrust of recommendations made by AI, and 

this has further delayed acceptance in some 

environments. To achieve successful scaling of 

AI's cost-constraining potential across 

Medicare hospitals, it is vital to address these 

barriers by means of improved interoperability 

standards, cost-sharing models, and clinician 

engagement strategies (Ivchyk, 2024). 
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3.2  Comparative Analysis 

AI managed algorithms appreciably surpass 

traditional mechanisms in risk stratification 

like the LACE index (Length of stay, Acuity, 

Comorbidities, Emergency visits) concerning 

reduced readmissions and overtreatment in 

Medicare hospitals across the U.S. (Saati, 

2022). These are the reviews of 28 studies, 

wherein it was found that AI models using 

machine learning combined with predictive 

analytics show much improved sensitivity and 

specificity in the identification of high-risk 

patients than that relying on static clinical 

variables, which is how LACE operates. For 

example, an AI model reported a reduction of 

15% in the 30-day readmission rates for 

patients with heart failure when LACE was 

used for only a 7% reduction. The ability of AI 

to process dynamic and multidimensional data, 

including EHRs, social determinants, and even 

real-time vitals, allows for a more accurate 

targeting of post-discharge interventions with 

HRRP goals of the CMS and against the annual 

bill of $17 billion avoidable readmissions 

(Kumar et al., 2025).Artificial intelligence 

models were found to correlate highly with the 

accuracy of EHR data and degree of 

customization of the model (Tsai et al., 2025). 

Hospitals with high-quality, standardized—

and, preferably, untainted and not 

inconsistent—EHR data achieved predictive 

accuracies as high as 88% in predicting the risk 

of readmission, unlike about 70% in 

fragmented data settings. Customizing 

algorithms for specific subpopulations of 

patients, for example, elderly Medicare 

beneficiaries with chronic diseases, further 

increased their performance. For instance, a 

community hospital was able to reduce 

readmissions by 10% more than a generic 

model by customizing its AI model for 

pneumonia patients. These establish the case 

for having strong data architecture and tuned 

localized models aimed at maximizing the cost 

containment effect of AI, especially in terms of 

reducing overtreatment and associated costs 

that consume up to 30% of the wasteful 

Medicare spending (Pamulaparthyvenkata et 

al., 2023).  

Partnerships-facilitated public-and-private 

companies, especially with technology 

companies like Google Health, improved such 

advanced AI applications in Medicare hospitals 

(Bagley &Mehendale, 2025). Studies indicated 

that hospitals collaborated with industry 

partners, thus allowing above-average tool 

access, such as deep learning models and 

cloud-based analytics that achieved better 

results than the typical solutions developed by 

hospitals themselves (Li et al., 2023). An 

example is the partnership between a massive 

academic medical center and Google Health, 

where an HRRP 20% reduction was brought in 

readmission penalties due to the highly scalable 

platform of AI. These partnerships also tend to 

have shown promise in providing data 

integration and training for staff in overcoming 

many hurdles, such as high initial costs and 

technical difficulties. However, such 

associations raise issues about privacy, equity, 

because smaller hospitals that do not have 

similar partnerships fall behind in AI, thus 

necessitating a broader thrust of public policy 

support to ensure that equitable deployment 

occurs across Medicare settings (Yella & 

Kondam, 2022). 
 

4.0 Conclusion  
 

The study findings are significant that the AI-

based predictive tools have value in reducing 

costs and improving care quality in U.S. 

Medicare hospitals. Using machine learning 

and predictive analytics, these tools make it 

easier for hospitals to manage the high-risk 

patients directly concerning the $17 billion that 

is lost to avoidable readmissions each year, 

plus an estimated 30% of Medicare spending 

attributed to wasteful overtreatment. The 

summary table presents cases such as Mount 

Sinai Health System, whereby the Epic Sepsis 

Model resulted in a 12% reduction in 30-day 

readmissions and saved the health system $2.1 



Applied Sciences, Computing and Energy, 2025, 2(2), 452-466 460 
 

      

million per year, and Geisinger Health, where 

a 16% unnecessary CT scan reduction by the 

HAPI Score translated to $1.3 million savings. 

Such outcomes are a good fit to meet the CMS 

objectives of cost containment behind the 

Hospital Readmissions Reduction Program 

(HRRP), showing how AI can reduce financial 

penalties on one hand and improve patient 

outcomes with a more focused, data-driven 

approach.  

Hospitals adopting AI predictive models 

usually find reductions in readmissions and 

unnecessary interventions that grant the 

hospitals clinical and operational advantages of 

undertaking such AI projects. The synthesis of 

findings indicates that AI programs are 

outperforming the traditional risk model, such 

as LACE index, in identifying high-risk 

patients for the subsequent discharge-targeted 

planning when flagged, with one study 

reporting 15% mandatory reduction in 

readmissions versus 7% readmissions with 

LACE. Beyond that, AI systems facilitate care 

by downstreaming inefficiencies in diagnostic 

processes, such as unnecessary lab tests or 

imaging, with one study evenly reporting up to 

15% reduction in unnecessary diagnostics 

(Khalifa&Albadawy, 2024). These end results 

not only reduce costs, but they also expose 

patients to the other risks associated with 

overtreatment, thus assuring the quality of 

health services. Proper EHR systems should 

pass interoperability to enable all hospitals 

within Medicare to benefit from AI; the 

potential benefits can hardly be attained 

without also educating the personnel so as to 

salvage the clinical role of AI from zealous 

scepticism on the ground. 

Policy Recommendation 

The study suggests that CMS should encourage 

the use of AI-based predictive models within 

value-based methodologies to increase cost 

containment and improve the quality of care 

provided by U.S. Medicare hospitals. By 

incentivizing some AI adoption within existing 

programs,such as HRRP, CMS could then 

financially reward hospitals that implement AI 

tools to clearly reduce avoidable readmissions 

and overtreatment. It meets the needs of 

community facilities like safety-net hospitals-

poor resource utilization by offering support, as 

it overcomes obstacles such as bringing about 

high upfront costs, also contributing to achieve 

CMS objectives to remove preventive 

readmissions amounting to $17 billion 

annually for waste and up to 30% in 

deteriorating wasteful Medicare spending, and 

may also include some other monetary factors 

under which the incentives will drive 

innovations and equity in the access to AI 

facilities across various Hospital settings. 

Technical Recommendation 

The research suggests that hospitals in the 

United States receiving Medicare invest in 

interoperable electronic health record (EHR) 

systems and extensive training in artificial 

intelligence (AI) for staff to help reach the 

benefits of using AI-dependent predictive 

models in containing costs and improving 

quality of care. The interoperability of EHR 

systems is essential in the seamless integration 

of data for AI tools to draw on high-quality, 

standardized data from disparate sources-an 

action which studies have shown to improve 

predictive accuracy of readmission risk to as 

high as 88%. Comprehensive staff training is 

equally important for addressing clinician 

resistance and ensuring the effective 

application of AI-generated insights in their 

clinical workflows to optimize targeted 

interventions that will solve the problem of 

avoidable hospital readmissions, which costs 

$17 billion, or 30% of wasteful Medicare 

spending. These investments address key 

disincentives such as data fragmentation and 

workflow disruption and hence promote 

sustainable AI adoption under the objective of 

value-based care by the Centers for Medicare 

and Medicaid Services (CMS). 

Future Research 

It is stressing the need for longitudinal studies 

and national impact assessments as future 
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research priorities, defining this as an 

expensive evaluation of the long-term cost-

effectiveness and quality-of-care benefits of 

AI-based predictive models in US Medicare 

hospitals.. First, longitudinal studies would 

help understand the sustainability of effects 

after months or years following AI 

implementation, as cost reductions due to 

avoidable readmissions and overtreatment--the 

two biggest contributors to Medicare waste at 

$17 billion a year and approximately 30% of 

wasteful spending, respectively--are expected 

to last over time. National assessments would 

focus on scalability and equity across different 

kinds of hospitals (i.e., academic ones and 

safety-net facilities) in adopting AI and include 

best practices in going beyond the differences 

in adoption. Such research would be essential 

to inform CMS policy, optimize resource 

allocation, and align AI tools with the value-

based care objectives that the Hospital 

Readmissions Reduction Program (HRRP) 

espouses. 
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