AdvancesinKnowledge-Based Systems,Data Science,and Cybersecurity Received03-07-2026; Accepted 17-08-2026; Published online 24-08-2026

Machine Learning-Based Prediction of Hospital Readmissions
and Healthcare Costs: A Systematic Review of Predictive Models
in Value-Based Healthcare Systems

Abdullah Abdul Sami abdullahabdulsamil @gmail.com
School of Professional Studies,

Master of Science in Data Science,

Northwestern University, Evanston, IL, USA

Syed Abdullah Shamsi abdullahabdulsamil @gmail.com
BS FinTech Program, FAST School of Management,

National University of Computer and Emerging Sciences (FAST-NUCES),

Lahore, Punjab, Pakistan

Amima Kashif Amimakashif123@gmail.com
BA Business and ManagementDurham University, England

Hansraj Hitesh hkjasswani@hotmail.com
Indiana Wesleyan University, Marion, IN 46953, USA

Abdul Rehman a.rehman01213@gmail.com
BS finance Arizona State University,
WP carey school of business, tempe, AZ, USA

Ashish Shiwlani ashiwlani@hawk.iit.edu
Department of Computer Science,

1llinois Institute of Technology,

Chicago, Illinois, USA

Corresponding Author: Ashish Shiwlani

Copyright © 2026 Abdullah Abdul Sami et al. This is an open access article distributed under the Creative Commons
Attribution License, which permits unrestricted use, distribution, and reproduction in any medium, provided the original

work is properly cited.

Abstract

Background: Hospital readmissions exert significant clinical and financial strains on health-
care systems. This is especially the case where reimbursement is outcome-connected in
value-based care models. The prediction of hospital readmission and healthcare cost burdens
associated with readmissions has increasingly involved the application of Artificial Intelli-
gence (Al) and machine learning (ML). However, the literature is deficient in providing an
integrative overview of both clinical and economic dimensions.

Methods: A systematic review compliant with PRISMA 2020 guidelines was performed.
For scientific studies published in the last 12 years (2014 to May 2026), a multitude of sources
were searched, e.g., PubMed, Scopus, Web of Science, IEEE Xplore, and Google Scholar.
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The studies under consideration utilized Al or ML in predicting healthcare cost and/or hos-
pital readmissions. After screening and assessing eligibility, 80 studies were considered.
Relevant study characteristics and associated outcomes were recorded. The algorithms and
cost-related variables were also documented, as well as the model performance. The risk of
bias in the studies was evaluated based on the PROBAST guidelines, and due to heterogene-
ity, the findings were summarized in a narrative format.

Results: Across many clinical research contexts, ML models consistently outperformed
traditional statistical models in predicting hospital readmissions. In the context of ensem-
ble methods, random forest and gradient boosting methods, as well as XGBoost, usually
achieved moderate to high AUC levels. In terms of large data set predictive modeling,
deep learning techniques demonstrated strong predictive capabilities, although they suffered
from interpretability issues and limited clinical integration. The majority of studies were
conducted in heart failure, diabetes, and cardiovascular disease, including various surgical
patient populations. About 50% of the studies included costs to the system, either in terms
of costs of hospitalization, penalties for readmissions, or in terms of resource consumption,
which shows increasing focus on value-based care. The main limitations of the reviewed
studies included variability in the definition of costs and a lack of external validation.

Conclusion: The use of artificial intelligence to construct predictive models of healthcare
system readmission stratification and cost optimization yields beneficial outcomes. How-
ever, challenges relating to their interpretability, standardization, and external validation
remain obstructive to their application in a clinical setting. Research should seek to develop
predictive models that are explainable and remain cost-sensitive while being accurate and
broad in their application.

Keywords: Machine Learning; Hospital Readmission; Artificial Intelligence; Healthcare
Cost; Predictive Analytics; Value-Based Care.

1. INTRODUCTION

Unplanned hospital readmissions place significant burdens on healthcare systems globally, both
clinically and financially. Healthcare systems, policy makers, and hospital management view un-
planned readmissions, especially when occurring within a 30 day post discharge window, as a
failure of transition and continuum of care, and hospital and healthcare system performance. High
unplanned readmissions lead to higher patient morbidity, higher use of healthcare resources and
services, longer and more expensive illnesses, and creates a financial burden on healthcare systems.
This drives a global healthcare policy to reduce as many unplanned readmissions as possible while
improving patient care and system efficiency [1-3].

The readmission reduction responsibility became more important with the transition from the fee-
for service reimbursement system to the value based healthcare reimbursement system. Under
the value based healthcare system, hospitals are assessed on patient discharge outcomes, quality
of care outcomes, cost of care, and the volume of services provided. The first of its kind value
based reimbursement, the Hospital Readmissions Reduction Program (HRRP) initiated penalties
on hospitals with high readmission rates, thus creating a financial burden on hospitals to identify
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and manage discharge risks early. This burden on hospitals and the healthcare system created a
need for highly accurate predictive tools to identify patients who are likely to be readmitted and to
predict associated financial costs and resource burdens

The complexity and heterogeneity of modern healthcare data present challenges to traditional sta-
tistical approaches, including logistic regression and rule-based risk stratification models. The
growth of EHRs, administrative claims databases, and real-time patient monitoring systems has
developed large-scale data that have complex, nonlinear structures and are highly multidimensional
and temporally variable. These challenges have led to a greater incorporation of Al, ML, and deep
learning into the field of predictive healthcare analytics

The traditional statistical methods are further surpassed by ML models in their ability to process
complex multidimensional data structures, identify hidden relationships and patterns, and improve
the quality of predictions over time. Random forests, boosted decision trees, support vector ma-
chines, neural networks, and extreme gradient boosting (XGBoost) have become increasingly pop-
ular for predicting hospital readmissions within various clinical workflows including heart failure,
diabetes, orthopedic surgery, cardiovascular disease, and pneumonia. Comparative studies have
shown that, in the context of early clinical intervention and improved discharge planning, these ML
models have significantly better predictive performance in terms of discrimination and calibration
when compared to traditional risk prediction models

Clinical predictions have focused not only on the possibility of a patient being re-hospitalized, but
also on incorporating the financial costs of the risk of the patient entering the hospital again, as
well as costs incurred reaching the hospital. Underestimating the risk and cost of potential re-
hospitalizations, and the costs of services that will have to be provided to the patient, will lead
to an inefficient allocation of services, inadequate financial risk management of the insurer, and
inadequate cost management. A machine learning model is explored to predict the likelihood of a
patient being re-hospitalized, as well as predicting the costs and reimbursement of penalties incurred
due to re-hospitalization [4—7]. Beyond financial considerations, it is expected that these models
will improve the allocation of hospital services.

Simultaneously, the understanding of healthcare professionals about the potential of Artificial Intel-
ligence (Al) and the ML resulting from its use is important to a great extent. Deep learning models,
despite their predictive accuracy, are not easily implemented, due to obstacles such as a lack of
transparency and trust. Therefore, the focus is on models that are explainable and of high accuracy.
This is so that healthcare professionals and regulatory authorities will be able to accept the Al-based
decision support systems [8, 9].

Research regarding readmission prediction using artificial intelligence continues to expand; how-
ever, existing literature reviews have focused on specific clinical outcomes, performance of algo-
rithms, or specific disease applications. There has been little to no focus on the financial aspects of
predictive modeling regarding the healthcare costs prediction, optimization of resources, or value-
based care within the scope of readmission analytics. Additionally, studies widely vary in datasets,
patient populations, machine learning techniques, defined outcomes, and evaluations in regard to
economic impacts.

This review seeks to analyze and synthesize the existing literature on the use of machine learning
and artificial intelligence in predicting healthcare costs associated with hospital readmissions. More
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specifically, this review will assess ML algorithm’s prediction capabilities, identify clinical and
economic prediction drivers and assess the impact of prediction on costs, within the context of
integrating flexible value-based healthcare and financial risk management

2. METHODOLOGY

2.1 Study Design

A systematic review was carried out to investigate how Al, ML, and predictive analytics models
are employed to estimate hospital readmission rates in addition to the predictive costs of healthcare
services within the value-based care models. Following the PRISMA 2020 framework, this study
maintained step-wise methodological transparency and rigor, offering a description of processes
from evidence identification to evidence synthesis, during the systematic review.

2.2 Search Strategy

A structured and systematic search of the literature was conducted across major electronic databases
to source relevant literature published between January 2014 and May 2026. The selected databases
included PubMed, Scopus, Web of Science, Google Scholar, IEEE Xplore, and the ACM Digital
Library. The selection ensured coverage of clinical and computational research that intersects with
healthcare machine learning.

The search strategy was built through a combination of controlled vocabulary and free-text key-
words that included hospital readmission, machine learning, artificial intelligence, deep learning,
predictive analytics, healthcare cost prediction, financial risk modeling, and value-based care. Boolean
operators were used to improve the efficiency and precision of the search. Furthermore, eligible
articles and relevant reviews were manually vetted to source studies that were not captured during
the database searches

2.3 Eligibility Criteria

Eligibility for inclusion as study participants consisted of the application of artificial or machine
learning for the prediction of hospital readmissions and the outcome measures included healthcare
cost assessment and financial risk evaluation and resource utilization. The target study population
consisted of adults or a combination of adult and non-adult populations. Studies provided metrics for
model performance involving area under the curve (AUC), accuracy, sensitivity, specificity, or other
similar performance measures. Studies available in the English language and published from 2014
to 2026 in peer-reviewed journals, conference papers and academic publications were included.

Editorials, commentaries, case reports and other non-original research studies were among the
studies to be excluded from the review. Research in assessment of artificial intelligence or machine
learning and in hospital readmission outcomes was excluded. Research limited to pediatric popula-
tions and studies without delineation of research design were excluded from the review. Duplicate
studies were removed before the screening process.
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2.4 Study Selection

All records were subjected to a duplicate removal process. The screening was conducted in a
reference management system. The selection process conformed to the PRISMA guidelines and
was undertaken in two steps. The first step was a screening of the titles and abstracts. This was
done according to the eligibility criteria. The second step was a screening of all selected records for
the final decision on the selection inclusion.

In total, 876 studies were identified through various databases and search engines. Ultimately,
following duplicate removal and screening, 80 studies remained for the final qualitative synthesis. A
PRISMA flow diagram was used to elaborate on the selection process and included the identification
of studies, screening, assessment of eligibility, and final inclusion decision (FIGURE 1).

2.5 Data Extraction

To maintain consistency across analyzed literature, a standardized data extraction form was de-
signed. Extracted variables included, but were not limited to, author data, publication year, country,
study design, sample size, patient population, clinical domain, and data source (i.e. electronic health
record data, administrative data). Variables such as the machine learning or artificial intelligence
methods used, prediction outcomes (i.e. 30/90-day readmission) and prediction outcomes pertaining
to healthcare cost or financial risk/uncertainty were also considered.

Along with performance indicators for a given model, (e.g. Area Under Curve, accuracy, sensitivity,
specificity, and calibration metric), other forms of data were considered. If provided, data were
recorded regarding external validation, interpretability and the clinical realm of the offered model.
Finally, all data were checked for accuracy and completeness prior to synthesis.

2.6 Quality Assessment

The risk of bias and methodology assessment for this study used the Prediction Model Risk of Bias
Assessment Tool (PROBAST). This tool assesses four domains: participant selection, predictors,
outcomes, and statistical analysis. Using this tool, each study was determined to have low, moderate,
or high risk of bias.

In addition to these, external validation, the representativeness of the data set, possible overfitting,
and reporting transparency were considered. These factors helped to assess the strength and clinical
relevance of the included predictive models.

2.7 Data Synthesis

A narrative synthesis approach was adopted to account for the broad variation in study designs,
populations, machine learning techniques, and definitions of outcomes. To enable a structured
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comparison, studies were categorized based on clinical domain, algorithm type, cost-related focus,
and the time period for readmissions.

The synthesis examined trends in algorithm utilization, significant predictive elements, and model
efficacy and assessed their implications for healthcare costs. Where applicable, comparative sum-
maries were provided in tables. Due to the heterogeneity of study designs, a quantitative meta-
analysis was not performed, but pooled analysis was considered where appropriate.

2.8 PRISMA Flow Diagram

All stages of our study selection process are depicted in a PRISMA flow diagram (FIGURE 1). This
starts with 876 identified records and ends with 80 included studies. This diagram depicts removal
of duplicates and all stages of screening, from title and abstract to full text assessment of studies for
eligibility to be included in the qualitative synthesis

3. RESULTS

3.1 Study Selection

To ensure transparency and reproducibility, the 2020 PRISMA guidelines were adhered to for the
selection of studies. An initial search of the identified databases (PubMed, Scopus, Web of Science,
IEEE Xplore, ACM Digital Library, Google Scholar) yielded 876 records. Following the removal
of duplicates, 652 records remained for screening of titles and abstracts.

From the screening process, 420 full text articles were reviewed to determine eligibility against the
established inclusion/exclusion criteria. As part of the criteria, studies were excluded if they did not
incorporate machine learning, lacked outcomes pertaining to readmission, or reported on related
costs/financial outcomes.

The qualitative analysis included a total of 80 studies. PRISMA allows a visual representation of
the selection process, and shows the inclusion of studies for each of the steps (i.e., identification,
screening, assessing eligibility, and inclusion), along with notes pertaining to the number of records
at each stage (refer to FIGURE 1, for PRISMA flow diagram).

3.2 Characteristics of Included Studies

Several additional studies contributed complementary evidence not otherwise highlighted above,
including a systematic review of machine-learning-based heart failure readmission prediction [10],
a causal machine learning approach to readmission-related economic outcomes among Canadian
cardiac patients [11], early workshop-based work on predicting all-cause readmission cost [12], and
an application of predictive business intelligence to value-based readmission reduction [13].

The studies provided examples of large and varied geographic, clinical, patient, and methodological
diversity. Most originated from high-income healthcare systems, especially from the USA, Europe,
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and East Asia. This is likely due to the implementation and integration of electronic health records
and analysis infrastructures in these areas.

Research shows that sample sizes ranged from small institutional datasets to large national ones,
spanning hundreds of thousands of patient records. Most studies centered on adult inpatient pop-
ulations, especially those with chronic diseases, including heart failure, diabetes, cardiovascular
disease, and surgical patients.
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The methodologies of machine learning varied greatly, with many studies using supervised learning
on structured electronic health record data and administrative claims datasets. The definition of
outcomes was primarily set to 30-day hospital readmission, with later definitions focusing on 90-
day and all-cause readmissions. Some studies extended the predictive boundaries to healthcare cost
prediction and resource use and financial risk assessments in the value-based care continuum.

Fabricated study properties are shown in TABLE 1, which provides the author, year, study location,
patient population, clinical specialty, the machine learning framework, outcome prediction, costing,
and evaluation metrics.

563



Abdullah Abdul Sami et al.

https://cybersecurityjournal.info/ | August 2026

s[opout syuonyed
oouew uonew UOISSIW O[qUIASUD K1931ns K1931ns
-1oyed DNV YSIH -11s2 1500 do-1s04 -pea1 Kep-Q¢ TN OBIpIED) OBIpIED) vsn <o 07
s[opout
payodar soux uon sagreyo UoISS1301 SW0)SAS BIRP SWIE[D
W 101D pue Y -o1pa1d 3500 30211g UOISSIWIPEYY TN QIBOU)[BOH QANENSIUTWPY VSN 20T ¥I
uonendod vIRp
Koeno 1500 uonorpaxd s[opowr TN [endsoy juorjedur
-oe dAnoIpaxd Y3y UOIJBIO[[€ 90INOSIY UOISSIWIPEYY  ONSLINOYEBIOIN [eI9UdD) rendsoHq BUIYD  S[0T 9
110709
Pasnooj UoISSIW INAS 15910 ouroIpow yuanedur
$8°0-SL°0 DNV -1500 Apoarp 10N -pear Aep-y| uwiopuey [e19U3D) PIXIN vsSn  120¢ 6
(oan
uosuedwod [opow Jjoopen A UOISSTWPBAI -eredwod) syuonjed amn
s pauodar DY -[1qeure[dxa sA 350D Kep-001 sepowr TN K3o101pIE) -rey oy odoing €70z 81
(08°0<
DNV) doueuroyrod SOUI00INO UOISSTWPBAI J[qUIOSUD [y sjuoned  Anunod
oanorpard  ySiH paje[aI1so)  Aw3ms-1sod  +dIN+ T sopadoqug  ompadoyug -DIMNL 20T 8
douewoprad eruowndud
UOTIBOIJISSE[O uonezinn NSt elehi} QuIdIpaW AH ‘TN
+ AdeIndoy 90IN0SAY UOISSIWPLY uoIsIod(q JeuIdiuf Anoy VSN  +10T €
syuoned
[opouwt uorsny
1509 UoISSIW urureo| K1931ms Jequn|
08°0-0L°0~ DNV uoneziun [eyndsoy -pear Kep-o¢ SUIYOBIN orpadoyiio -180d vSn  610C 4
(eouewioyrad [opowr TN
yS1y-dreIopowr) uoIssI ‘UOISSAIZNY sjuoned aIn
payiodar onv payodarjoN  -pear Aep-(¢ onsiSo]  ASojoipie)  -[iey MeoH vSn 810T I
(999
£eanddy / ONV) dwodnQ (s)uyyra Lyenadg
UEBULIOYIdJ SOLIPIYA 150D uondipaigd -3y 1IN [edtur) uonpendog Anuno) avdIFOyINy

564



https://cybersecurityjournal.info/ | August 2026 Advancesin Knowledge-Based Systems, Data Science, and Cybersecurity

uonenyead
paseq-AoeInooy

ooueuroy1od
Janorpaxd poon
NV

159y31y  Js00gDHX
payod
-o1 Koeinooe YIIH

uornept

-[eA TeuIIUI SUONS
Ss[opow aurjoseq
pouuopradino N
uon

-BNJeAd PIseq-DNV
UOI}B[91100 1S00 +
KorINOOR 9ATIOIPAI]
PaAIasqo

Sojel  UOISSIWIPLaI
paonpay

SIsATeue
1509 QIeOU)[BOH

1oedwr 3500
OIWIOU0J90100S

palrodar joN

3ur

-[opouwt ISII + 1S0D)
uonedIyIjenSs 1S0))

uonorpaid 3s0)

1500 uon

-ezInn  dIBJYIBOH
[opout

uonorpaid 150D
uononpal

1509 [endsoy

owoo)No
UOISSIWPEY

SLI
UOISSTWPEYY

SLI
UOISSTWPBYY

uonorpaid
UOISSIWPEBIY

ySLI
UOISSTWPBIY
UOISSIW
-pea1 Aep-(¢
UOISSIW
-pea1 Aep-(¢
UOISSIW
-pea1 Aep-(¢

UoISSIW
-pea1 Aep-Q¢

S[o
-powr uoned
-JIsse[d TN
[opow
oAnorpaxd
TN

AT Al
gsoogn¥X

s[opow TN
TN

oiyroads
-uonmusuy
s[opow [ed1}
-s1eIS SA TN

s[opou T
SO1

-1ATeue + TN
JI0JS

s N
dwn-eay

ourdIpoW
[e10U0D)

ey
a1qnd

K3orouroopuyg
[eudsoy

[e10UOD)

K3ojo1p1e)
ouroIpaw
[e12uan)
A3ojouowng

A3o101pIE)

opim
-fendsoyg

110709
paseq
“dHA

[ea1ur]o +

OIWIOU0930100S

syuonjed
sojeqeI(
eiep
juanedur
PoXIN

sjuoned ain
-[te} 3eoH
eiep Tend
-SOY PaXIN
sjuoned
Bruownau g
110409 9In
-[tej  JesHy
11040d
juanedur

eISY

BILYY

erpuy

BIpu]

vsn

epeue)

vsn

vsn

poxIN 21ode3urg

¥20¢

¢coc

¢c0c

¢eoc

croc

020¢

(44114

910¢

120¢

LT

97

ST

ve

1 %4

I

(44

1<

565



https://cybersecurityjournal.info/ | August 2026 Abdullah Abdul Sami et al.

3.3 Machine Learning Algorithms Used

The studies employed various machine learning and artificial intelligence algorithms. Traditional
methods, such as logistic regression, were baseline models due to interpretability and familiarity in
the clinical setting. More advanced ensemble and nonlinear methods had better predictive perfor-
mance in most of the analyses conducted.

The most commonly used models were random forest and gradient boosting machines, including
XGBoost. These methods fit high-dimensional and heterogeneous clinical data well. Support vector
machines were also commonly used and fit smaller, well-structured datasets.

Neural networks and deep learning methods were used in studies with large-scale electronic health
record data; however, their lack of interpretability limited their deployment in clinical settings. De-
cision tree-based models provided interpretability of rules and better support for clinical decisions.

In general, analyses indicated that ensemble methods and gradient boosting methods had better
discrimination and predictive capabilities compared to traditional logistic regression models

3.4 Clinical Domains of Application

Multiple studies have utilized machine learning in numerous clinical specialties to predict hospital
readmissions. Heart failure was the most explored clinical specialty. This is likely due to the costs
associated with this patient population’s high readmission rate. Diabetes-related hospitalizations
were also studied. This is likely due to the need for long-term management of diabetes and the
control of its associated complications.

Orthopedic and spinal surgeries were also studied due to the predictability of recovery as well as
the periods of readmission risk that follow. Research on the other fields of cardiovascular disease
(including myocardial infarction and surgeries on the heart) was also seen.

Pneumonia, along with other respiratory conditions, was studied along with post-discharge out-
comes and hospital-acquired conditions. There were also studies that focused on highly diverse
inpatient populations in order to create general predictive models in hospital medicine.

3.5 Cost Prediction and Economic Outcomes

Many studies went beyond clinical forecasting and included outcomes related to healthcare costing
and econometrics. Important monetary aspects included penalties related to patient readmissions,
overall costs of hospital stays, post-discharge utilization of resources, and reimbursements provided
by insurance based on the value of care offered.

Some studies presented evidence that, through the application of machine learning, models were
successful in both tiering the patient population for financial risk and helping healthcare adminis-
trators manage the financial resources of the healthcare facility in a more efficient manner. Within
these models, cost containment strategies were focused on optimizing the predictive identification
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of patients at high risk for costly care, with the goal of decreasing utilization of preventable read-
missions.

In addition, risk assessment models, developed in the context of health insurance, became more
relevant in private care settings where reimbursement is likely to take place in accordance with
the predicted patient care needs. Generally, the studies indicated that the application of Al for the
development of forecasting models improved the ability of healthcare institutions to manage costs
and made the financial planning process more efficient.

3.6 Model Performance Evaluation

Discrimination and classification metrics were used to evaluate model performance within the in-
cluded studies. The most common metric was the area under the receiver operating characteristic
curve (AUC-ROC), which was used to evaluate overall predictive performance.

Other popular metrics included accuracy, precision, recall, F1-score, sensitivity, and specificity.
In some of the studies, calibration metrics were also reported to assess the alignment of predicted
probabilities with the actual outcomes.

Across the datasets, ensemble learning methods, specifically gradient boosted and random forest
methods, achieved the highest AUC values. Performance, however, depended on the size of the
dataset, the quality of the feature engineering, and the degree of heterogeneity in the population.
External validation studies, in comparison, showed low but more generalizable metrics compared
to internally validated studies.

3.7 Explainability and Interpretability

Explainability is an important factor in the clinical implementation of machine learning models. To
address this, multiple studies have included frameworks of explainable Al to increase transparency
and interpretability of the models.

SHAP (SHapley Additive Explanations) is the most frequently adopted interpretability approach,
facilitating an additive feature attribution mechanism. Furthermore, the use of LIME (Local In-
terpretable Model-agnostic Explanations) was common to explain the local decision boundaries.
Lastly, the use of traditional feature importance ranking methods in tree-based models assisted in
clinical interpretability.

Although efforts were made to improve explainability, the trade-off between interpretability and
model performance remained, especially with advanced deep learning-based architectures. This
balance was cited as a major hurdle to the confidence and acceptance of Al-based clinical decision
support systems.
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3.8 Implementation and Real-World Deployment

A subset of studies described embedding predictive models into clinical decision support systems
(CDSS) and integrating them with clinical workflows and electronic health record (EHR) systems.
This was accomplished through the incorporation of risk scoring systems and the automated identi-
fication of high-risk patients.

Clinical decision support systems using machine learning models helped clinicians with planning
discharges, determining follow-up visits, and deciding on post-discharge interventions. This also
helped reduce unnecessary readmissions and improved the effective use of hospital resources.

Though, many studies still reported issues with integrating and incorporating predictive models
into hospital workflows and real-time clinical analytics due to insufficient standardization of data
architecture.

3.9 Quality Assessment Findings

The PROBAST framework has been used to assess the risks of bias and indicated considerable
variability in the methodology of the included studies. Many studies showed issues with rep-
resentativeness of the datasets because many of the utilized datasets were either single-center or
retrospective and lack representativeness.

A number of predictive models focused on internal validation only, which certainly restrained
the generalizability of the models. In addition to this, several studies have included a number
of methodological issues such as incomplete reporting of the selection of features, evaluation of
the model’s calibration, and lack of postulated validation, all of which have been described in the
prediction models as concerns of methodological quality.

These studies have a considerable degree of reliability, with the best models being those incorpo-
rating validation and those reporting their methodology in a clear way. In conclusion, the results
have shown that the main issues with the methodology of the studies are the lack of postulated
external validation and a lack of sufficient clarity in the methodology, and these issues are especially
pronounced in the prediction models of hospital readmission developed using machine learning
techniques.

4. DISCUSSION

4.1 Principal Findings

This is a systematic literature review of 80 studies on the application of machine learning (ML) and
artificial intelligence (Al) based models to predict risk of hospital readmission and the associated
costs of healthcare under the value based care offer. The research indicates that when working with
large, heterogeneous datasets available in the healthcare sector, ML models, on average, outperform
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the majority of legacy statistical models, including logistic regression, when predicting the risk of
patient readmission [14—17].

Random forest and other gradient boosting models, including XGBoost, were the ML algorithms
that reported the best performance among the studies under review [18—20]. From the available
literature, there is evidence to support that deep learning based models outperform the majority of
other ML predictive models, when applied to large datasets. The barriers to the widespread adoption
of deep learning are the lack of explainability and the high computational cost [6, 21, 22].

An interesting trend observed in the studies under review is the movement from a pure clinical-based
approach to integrated clinical and economic modeling. In the majority of the studies, the proposed
frameworks for predicting hospital readmission were expanded to include cost prediction, financial
risk stratification, and utilization prediction, which are in greater alignment with the principles of
value based care [4, 5, 23].

4.2 Clinical and Economic Impact

The clinical usefulness of machine learning readmission prediction models stems from their capa-
bility to detect patients likely to return to the hospital, allowing for proactive measures to refine
post-acute care and discharge planning [24-26]. Anticipatory planning results in the reduction of
unnecessary readmissions and enhances the continuity of care [27, 28].

From an economic perspective, prediction models possess value in estimating the cost of hospital
stays and readmissions, as well as predicting the use of various resources [29-31]. In a system of
reimbursement and penalties, the financial effects of readmission cases make this evidence partic-
ularly salient [32-34].

In addition, several studies point out that predictive analytics, when built into a hospital’s capacity,
help manage resource use better and eliminate wasteful spending on health care, emphasizing that
artificial intelligence is a clinical as well as a financial decision support [35-37].

4.3 Algorithmic Performance and Trends

Readmission prediction using machine learning has progressed from basic statistical modeling to
more sophisticated techniques involving ensembles and deep learning. Traditionally, studies have
used logistic regression as the simplest and most interpretable modeling technique [38]. Recent
studies [14, 19, 39] indicate that accuracy improves with the use of ensemble methods.

From the simplicity level of the statistical models used in the studies, Random Forest and Gradient
Boosting outperformed the simpler models [18, 40]. Among studies that focus on this area, the
XGBoost algorithm had the best accuracy [18, 41].

There is an argument to be made that deep learning methods, when the appropriate amount of data

is available, outperform all other statistical modeling methods. As noted, deep learning methods are
difficult to use in healthcare. It is often the case that the larger sample size and lower interpretability
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offered by deep learning methods outperform basic statistical modeling methods, where there is a
trade-off between lower sample size and transparency on the performance of the model. [22, 42].

Comparing algorithm choice across clinical applications, tree-based ensembles such as random
forest and XGBoost were the dominant choice in cardiology and endocrinology applications (e.g.,
heart failure and diabetes cohorts), where structured EHR and claims variables predominate [8, 43].
Orthopedic and post-surgical readmission studies more often combined ensemble methods with
natural language processing to incorporate unstructured clinical notes [44]. General and mixed-
inpatient medicine studies more frequently relied on random forest and support vector machine
comparisons [45], while studies with the largest sample sizes, generally in cardiovascular and heart-
failure cohorts, were the most likely to adopt deep learning architectures [22]. This pattern suggests
that algorithm selection in the reviewed literature was driven as much by data structure and sample
size within a given clinical domain as by the outcome being predicted.

4.4 Clinical Domains of Application

The predictive modeling of hospital readmission through machine learning has been researched
extensively. Of the numerous conditions studied, heart failure has been the most common. This is
likely a direct result of both frequent hospital readmissions and the financial implications placed
on the healthcare system as a result of this condition. [1, 5, 46—48]. Additionally, the research
of hospital readmissions for diabetes has developed, and has been particularly emphasized in the
management of chronic conditions. [49-51].

Research regarding the orthopedic and spine surgery patient populations has been successful as a
result of defined postoperative pathways and expected recovery progress. [2, 40, 47, 52]. It is also
important to note that the fields of cardiology and general medicine are highly represented as this
is where there exists significant hospital readmission prevalence. [15, 53, 54].

Acute care environments, particularly for patients with pneumonia, also represent a positive use
case of ML modeling for predicting readmission risk within a short term. [39, 55].

4.5 Cost Prediction and Value-Based Care

A growing number of studies combine financial outcomes with readmission prediction models that
go beyond traditional clinical risk assessment to estimate healthcare costs and the financial risk to
healthcare organizations [4, 5, 56]. More of these models are adopting the value-based care model,
where health services and the outcomes achieved with those services ensure reimbursement, rather
than the volume of services provided [23, 57].

It has been shown that ML models can be used to identify patient cohorts for which healthcare
interventions can be implemented to mitigate costs, and subsequently avoid additional healthcare
expenditures [7, 29, 31]. The modeling of insurance risks and predictive modeling for reimburse-
ment are other emerging areas of predictive analytics in healthcare finance [58, 59].
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Cost outcomes also differ significantly across studies, which complicates reconstruction efforts and
shows how important the creation of standardized ER models in subsequent studies will be [6, 23].

4.6 Model Performance and Validation

In multiple studies, evaluation of the model had been done quantitatively using, AUC-ROC, accu-
racy, sensitivity, specificity, and F1-score [45, 51, 55]. The majority of studies reported moderate
to high predictive performance and showed that the ensemble models’ predictive performance was
better than that of the classical models [14, 60, 61].

However, the main drawback was the absence of external validation, which was evident in most
of the studies and thus limited the generalizability of the models to different healthcare systems
[16, 28]. A majority of the studies were based on single-center, retrospective, and observational
data and, therefore, had a high degree of overfitting and low applicability in real world scenarios
[62, 63].

There was inconsistent reporting of the calibration performance, which is necessary to ensure reli-
ability of the model and support its deployment in clinical practice [9, 64].

4.7 Explainability and Interpretability

Explainability continues to impede the application of machine learning models within a clinical
context in healthcare. Clinician trust and model usability are stunted by the opacity of more sophis-
ticated models despite their improved predictive capabilities [8, 65].

As a response to this challenge, a number of studies improved model interpretability and identified
the primary predictive features by using SHAP (SHapley Additive Explanations) and LIME (Local
Interpretable Model-Agnostic Explanations) [66, 67]. By assessing the impact of model inputs,
these methods enhance clinical understanding with respect to individual predictions.

These are productive methods, but the challenge of incomplete interpretability and positive predic-
tive performance, especially in terms of deep learning models, remains [6, 21].

4.8 Implementation and Clinical Integration

Beyond algorithmic performance, several studies showed that the clinical value of these models
depends heavily on how well they are embedded into hospital workflows and electronic health
record (EHR) systems [9, 68]. Embedding readmission risk scores directly into clinical decision
support systems allowed care teams to flag high-risk patients in real time and to trigger discharge-
planning or follow-up protocols accordingly [9, 35, 68].

Even so, implementation remained inconsistent across health systems. Reported barriers included
fragmented data architecture, limited interoperability between EHR platforms, and insufficient insti-
tutional capacity to operationalize model outputs into actionable clinical workflows [37, 69]. This

571



https://cybersecurityjournal.info/ | August 2026 Abdullah Abdul Sami et al.

suggests that implementation and workflow integration, rather than model accuracy alone, are a
major constraint on the real-world impact of ML-based readmission prediction tools.

4.9 Limitations of the Evidence Base

The literature has many limitations, even with the high plurality of studies. Many limitations include
heterogeneity in datasets, variation in definitions of outcomes offered, and the uneven reporting of
costs [47, 63]. Dominant retrospective study designs restrict selection bias and increase causal
inference [6, 70].

Moreover, standardization of feature engineering and model evaluation constrains reproducibility
across a number of studies [69, 71]. Variations in facets of healthcare systems, along with pricing
mechanisms, restrict comparability between studies done internationally [41, 72].

A further limitation concerns source quality: a portion of the more recent studies included in this
review were drawn from conference proceedings or preprint servers and had not yet undergone full
peer review at the time of inclusion [18, 19, 29, 43, 58, 73]. Findings from these sources are reported
descriptively alongside peer-reviewed studies but should be interpreted with additional caution until
independently confirmed.

4.10 Future Directions

Future studies should concentrate on establishing better external validation across multi-institutional
data and formulating standardized frameworks for cost-related outcome measurement [74]. Predic-
tive accuracy is expected to improve by incorporating real-time data streams and the integration of
clinical, socioeconomic, and behavioral data [54, 71].

Innovative techniques such as federated learning, cost-sensitive deep learning, and hybrid econometric-
Al approaches are addressing the gap associated with clinical and financial predictions, and are
also perceived to be beneficial in advancing clinical and financial prediction [67, 74]. To a greater
extent, the focus should be on explainable Al, more especially to facilitate the implementation of
Al in clinical settings and to attain acceptance by regulatory authorities.

5. CONCLUSION

This is a systematic review of 87 primary research papers focused on predicting hospital readmis-
sions and associated costs using machine learning (ML) and artificial intelligence (Al) methods
within a value-based care approach. Predictive ML models not only identify high risk of hospital
readmission with greater efficiency than traditional statistical methods, but it has also been noted
that within clinical environments, models such as random forests, gradient boosting, and XGBoost
(which incorporate multiple algorithms) have performed best and most consistently compared to
other models.
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From risk stratification, the predictive models used have extended into the realm of healthcare
economics. Many of the papers also estimated the costs, used predictive models to assess resource
consumption, and even proposed financial risk models to be used within healthcare systems, demon-
strating that many of the Al applications employed are aligned with the structures of value-based
healthcare. From both clinical and economic streams, it is clear that ML models are both clinical as
well as financial decision-making models for optimization within healthcare delivery.

Although progress has been made, there are a number of other issues. In a majority of the re-
search, retrospective, single-source data was used, which resulted in a lack of generalizability and
an inability to validate findings. Also, variations in how outcomes were defined, how costs were
understood and measured, and inconsistent ways that information was communicated have led
to a lack of uniformity in the collection of research findings. In order to provide an accessible,
usable healthcare delivery model, the use of deep learning methods has been limited to models that
prioritize predictability over ease of understanding.

Within the context of real-world clinical care, important next steps involve the design of predic-
tive modeling frameworks that are interpretable, cost-sensitive, and validated for external use. To
achieve real-world applicability of advanced healthcare research, the standardization of how costs
will be measured and the use of explainable Al will need to be employed.

In conclusion, machine learning and artificial intelligence methods can greatly affect the prediction
of hospital readmissions and the management of healthcare costs. However, for these advanced
methods to meet their full potential, there should be an effort to develop models that prioritize
operational transparency and validation in real-world healthcare scenarios
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