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ABSTRACT
Background    Machine Learning (ML) has been 
transformative in healthcare, enabling more precise 
diagnostics, personalised treatment regimens and 
enhanced patient care. In cardiology, ML plays a crucial 
role in risk prediction and patient stratification, particularly 
for heart failure (HF), a condition affecting over 64 million 
people globally and imposing an economic burden of 
approximately $108 billion annually. ML applications in HF 
include predictive analytics for risk assessment, identifying 
patient subgroups with varying prognoses and optimising 
treatment pathways. By accurately predicting the 
likelihood of hospitalisation and rehospitalisation, ML tools 
help tailor interventions, reduce hospital visits, improve 
patient outcomes and lower healthcare costs.
Objective  To conduct a comprehensive review of existing 
ML models designed to predict hospitalisation risk in 
individuals with HF.
Methods  A database search including PubMed, SCOPUS 
and Web of Science was conducted on 31 March 2024. 
Studies were selected based on inclusion criteria 
focusing on ML models predicting hospitalisation risks 
in adults with HF. The data from 27 studies meeting the 
criteria were extracted and analysed, with a focus on the 
predictive performance of the ML models and the presence 
of economic analysis.
Results  Most studies focused on predicting readmission 
rather than first-time hospitalisation. All included studies 
employed supervised ML algorithms, with ensemble-
based methods generally yielding the highest predictive 
performance. For 30-day hospitalisation or readmission 
risk, Extreme Gradient Boosting (XGBoost) achieved the 
highest mean area under the curve (AUC) (0.69), followed 
by Naïve Bayes (0.68) and Deep Unified Networks (0.66). 
For 90-day risk, the best-performing models were Least 
Absolute Shrinkage and Selection Operator and Gradient 
Boosting, both with a mean AUC of 0.75, followed by 
Random Forest (0.67). When the prediction timeframe 
was unspecified, Categorical Boosting achieved the 
highest performance with a mean AUC of 0.88, followed 
by Generalised Linear Model Net and XGBoost (both 
0.79).
Electronic health records were the primary data source 
across studies; however, few models included patient-
reported outcomes or socioeconomic variables.
None of the studies conducted an economic evaluation to 
assess the cost-effectiveness of these models.

Conclusions  ML holds substantial potential for improving 
HF care. However, further efforts are needed to enhance 
the generalisation of models, integrate diverse data 
sources and evaluate the cost-effectiveness of these 
technologies.

INTRODUCTION
Machine Learning (ML) is revolutionising 
various sectors, with healthcare being one 
of the most promising areas of impact.1 As a 
subset of artificial intelligence, ML involves 
developing algorithms that enable computers 
to learn from data and make informed deci-
sions.2 The recent surge in large-scale data 
availability and computational advancements 
has facilitated the adoption of ML in health-
care, offering new avenues for diagnosis, 
treatment and patient management.1 3

ML applications in healthcare are diverse, 
ranging from enhancing diagnostic imaging 
to developing personalised medicine 
approaches.1 3 One of the most significant 
advantages of ML is its capacity to process and 
analyse complex datasets, such as medical 

STRENGTHS AND LIMITATIONS OF THIS STUDY
	⇒ A key strength lies in identifying ensemble-based 
models as top performers, providing valuable in-
sights for clinical decision-making and patient 
management.

	⇒ This review’s geographical scope, with an emphasis 
on studies from the USA, may limit its applicability to 
other healthcare systems and populations.

	⇒ Although machine learning (ML) models show great 
potential, the absence of economic analyses in 
the literature limits the ability to assess the cost-
effectiveness and practical implementation of these 
models.

	⇒ Despite these limitations, this scoping review serves 
as an essential foundation for future research that 
integrates diverse data sources, broadens geo-
graphic representation and addresses the economic 
implications of ML in clinical practice.
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records and imaging data.1 3 These capabilities enable 
the identification of patterns and anomalies that may not 
be apparent to human clinicians, thus supporting early 
and accurate diagnoses, tailored treatment plans and the 
prediction of patient outcomes.1 3

A key application of ML in healthcare is in the field 
of cardiology, particularly in managing heart failure 
(HF)—a critical public health issue characterised by 
the heart’s inability to pump blood effectively, leading 
to symptoms such as fatigue, breathlessness and 
oedema.4 5 Early detection and precise management 
of HF are crucial for improving patient prognosis and 
quality of life.5

Hospitalisation and rehospitalisation are significant 
concerns in the management of HF.5–7 ML models can 
play a vital role in predicting hospitalisation risks by 
analysing patient data, including clinical history, lab 
results and demographic factors.4 For instance, predic-
tive analytics can identify patients at high risk of hospi-
talisation due to worsening symptoms or inadequate 
response to treatments, enabling healthcare providers 
to intervene early and potentially prevent hospital 
admission.1 8

Moreover, rehospitalisation is a common issue among 
HF patients, often due to disease progression or complica-
tions.6 7 ML can help mitigate this problem by identifying 
patterns and risk factors associated with rehospitalisation.4 
For example, algorithms can analyse data from previous 
hospitalisations, medication adherence and comorbidi-
ties to predict which patients are more likely to require 
readmission.4 This information can be used to design 
targeted interventions, such as closer monitoring, medi-
cation adjustments or patient education programmes, 
thereby reducing the likelihood of rehospitalisation and 
improving patient outcomes.4

This scoping review aims to conduct a comprehensive 
literature review of existing ML models for predicting 
hospitalisation risk in individuals with HF. Addition-
ally, it assesses the economic analyses related to imple-
menting these predictive models in clinical practice. By 
exploring both the clinical and economic dimensions, 
this review seeks to provide a holistic understanding of 
the impact of ML-based predictive models in managing 
HF.

The following specific objectives guided the review:
1.	 To identify the ML models used for predicting hospi-

talisation risk in individuals with HF.
2.	 To determine the data sources and variables used.
3.	 To identify the predictive performance of these ML 

models.
4.	 To summarise the key findings in the literature regard-

ing the application of ML in HF hospitalisation risk 
prediction.

5.	 To identify the economic analysis conducted to deter-
mine the cost-effectiveness of these models.

6.	 To provide recommendations for developing and ap-
plying ML models to predict HF hospitalisations.

METHODS
Inclusion and exclusion criteria
Inclusion criteria included studies that focused on ML 
models used to predict the risk of hospitalisation in HF 
patients aged 18 years and older. Studies that did not 
include economic analysis but concentrated on ML 
models for predicting HF hospitalisations were consid-
ered. Exclusion criteria excluded studies whose popula-
tion did not consist of adult individuals with HF, studies 
where the cause of hospitalisation was not HF, grey litera-
ture (eg, unpublished studies and conference abstracts), 
systematic reviews and studies in languages other than 
English. To reach the third specific objective, which was to 
identify the predictive performance of these ML models, 
there was a need to exclude articles without performance 
metric comparison. As the included articles predomi-
nantly used the area under the curve (AUC) as a perfor-
mance metric, articles that did not report performance 
metrics in terms of AUC were also excluded.

Search strategy
To identify relevant studies, a database search was 
conducted on 31 March 2024. The databases included 
were PubMed, SCOPUS and Web of Science. For data 
management, including duplicate removal, results were 
exported to a Word document and later to Rayyan soft-
ware for title and abstract screening. The search string 
used was: (“Decompensation” OR “Readmission” OR 
“Hospitalisation” OR “Worsening”) AND (“Artificial Intel-
ligence” OR “Machine Learning” OR “Deep Learning”) 
AND (“Heart Failure” OR “Heart Failure, Diastolic” OR 
“Heart Failure, Systolic” OR “Heart Failure, Chronic” OR 
“Heart Failure, Acute”) OR (“Economic Analysis” AND 
(“Decompensation” OR “Readmission” OR “Hospitalisa-
tion” OR “Worsening”) AND (“Artificial Intelligence” OR 
“Machine Learning” OR “Deep Learning”) AND (“Heart 
Failure” OR “Heart Failure, Diastolic” OR “Heart Failure, 
Systolic” OR “Heart Failure, Chronic” OR “Heart Failure, 
Acute”)).

Included articles were reviewed by one reviewer for title 
and abstract screening. Subsequently, the selected studies 
were full-text screened by two independent reviewers to 
determine which studies fit the inclusion criteria. Studies 
that did not meet the inclusion criteria were eliminated. 
Two separate reviewers extracted the data, and inter-
rater reliability was assessed. Disagreements between 
the reviewers were resolved through discussion or by 
consulting a third reviewer. If a study had multiple publi-
cations, the latest one was retained.

For data organisation, two researchers collected crit-
ical information from relevant studies, including title, 
publication year, country, focus, data sources, variables, 
predictive period, ML models, predictive performance, 
applications and any economic analysis performed. 
Disagreements were discussed to reach a consensus 
among the team members.

For the findings report, a descriptive analysis was 
conducted, consolidating related data segments, 
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extracting deductive codes aligned with the results and 
assessing inter-rater reliability. The information was 
organised in a tabular format.

The detailed search strategy is available in online supple-
mental file 1: Detailed search strategy. The search was 
conducted in accordance with this previously published 
protocol9.

RESULTS
In the literature search, 1208 references were initially 
identified. After eliminating duplicates, 626 unique refer-
ences remained. Subsequent title screening reduced this 
number to 53. Following abstract screening, 34 articles 
were selected for full-text review. Ultimately, 27 articles 
met the criteria and were included in the final review. The 
full selection process is illustrated in figure 1 (Preferred 
Reporting Items for Systematic Review and Meta-Analysis 
extension for Scoping Reviews flow chart).

Description
The characteristics of the full-text articles included in 
the study are detailed in online supplemental table 1, 
(summary of articles investigating ML approaches to 
predict HF hospitalisation risk).

These articles were published between 2016 and March 
2024. The included articles mentioned ML methods 
tested in various countries: USA (n=11), China (n=3), 
Spain (n=3), Iran (n=3), Canada (n=2), Japan (n=1), Italy 
(n=1), Netherlands (n=1), Sweden (n=1), Australia (n=1), 
Brazil (n=1), Argentina (n=1) and Rwanda (n=1). Among 
these articles, 20 focused on ML methods to predict HF 

readmission risk, and 7 focused on ML methods to predict 
HF hospitalisation risk. The articles also mentioned 
medical records as the data source for these ML methods 
(n=24), and both medical records and patient surveys 
(n=3). The ML methods used different types of variables: 
clinical (n=6), clinical and demographic (n=14), and clin-
ical, demographic and healthcare utilisation (n=7).

The ML methods encompassed various predictive ML 
models with different predictive periods and predictive 
performance metrics, as detailed in online supplemental 
table 1. Within these articles, the most mentioned predic-
tive periods were 30-day (n=9), non-specified (n=5) and 
90-day (n=3).

The articles reviewed identified the top-performing 
models for predicting 30-day HF hospitalisation/readmis-
sion risk. The highest performance was achieved by the 
Extreme Gradient Boosting (XGBoost) (ensemble-based) 
model with a mean AUC of 0.69, followed by the Naïve 
Bayes Classifier (Bayesian-based) with a mean AUC of 0.68 
and the Deep Learning—Deep Unified Networks (neural 
network-based) with a mean AUC of 0.66. When consid-
ering models mentioned in at least three articles for the 
30-day prediction, the leading models were XGBoost with 
a mean AUC of 0.69, Support Vector Machine (instance-
based) with a mean AUC of 0.63, Deep Learning—Deep 
Unified Networks with a mean AUC of 0.63 and Logistic 
Regression (regularisation-based) with a mean AUC of 
0.63.

For predicting 90-day HF hospitalisation/readmission 
risk, the best results were achieved by the Least Abso-
lute Shrinkage and Selection Operator (regularisation-
based) model with a mean AUC of 0.75, followed by the 
Gradient Boosting (ensemble-based) with a mean AUC 
of 0.75 and the Random Forest (tree-based) with a mean 
AUC of 0.67. When considering models mentioned in at 
least three articles for the 90-day prediction, the leading 
models were Random Forest with a mean AUC of 0.67, 
and Logistic Regression (regularisation-based) with a 
mean AUC of 0.65.

The review also identified top-performing models for 
predicting HF hospitalisation or readmission risk over 
a non-specific period. The highest performance was 
achieved by the Categorical Boosting (ensemble-based) 
model with a mean AUC of 0.88, followed by the Gener-
alised Linear Model Net (regularisation-based) with a 
mean AUC of 0.79 and the XGBoost with a mean AUC 
of 0.79. When focusing on models mentioned in at least 
three articles for non-specific period predictions, the 
leading models were Gradient Boosting with a mean 
AUC of 0.74, Random Forest with a mean AUC of 0.70 
and Support Vector Machine with a mean AUC of 0.68.

Key findings in the literature regarding the appli-
cation of ML in HF hospitalisation risk prediction are 
summarised in online supplemental table 1. They were 
organised into four categories: clinical decision support 
and personalised care, data integration and advanced 
modelling, monitoring and real-time analytics, and 
resource planning and management.

Figure 1  Preferred Reporting Items for Systematic Review 
and Meta-Analysis Scoping Review flow chart depicting the 
search strategy.
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Clinical decision support and personalised care
Clinical decision support and personalised care (n=26) 
encompasses the use of ML to enhance clinical decision-
making and provide personalised care to HF patients. 
ML models analyse patient data to predict outcomes, 
recommend treatments and assist healthcare providers in 
making evidence-based decisions.10 This includes predic-
tive analytics for forecasting patient outcomes such as 
the likelihood of hospitalisation or readmission, which 
enables timely interventions.10 Additionally, personalised 
treatment plans are tailored based on individual patient 
profiles, improving the effectiveness of care.10 Risk strati-
fication is another crucial aspect, where high-risk patients 
who may need more intensive monitoring or interven-
tions are identified.11

Data integration and advanced modelling
Data integration and advanced modelling (n=16) 
involves the integration of diverse data sources and the 
application of advanced ML models to improve the accu-
racy and robustness of predictions. This category focuses 
on combining clinical, demographic and other relevant 
data to provide a comprehensive view of patient health. 
Multimodal data integration is essential, combining infor-
mation from electronic health records (EHRs), patient 
surveys, wearable devices and other sources.12

Monitoring and real-time analytics
Monitoring and real-time analytics (n=14) highlight the 
use of ML for continuous monitoring and real-time anal-
ysis of patient data. The primary goal is to detect early signs 
of deterioration and provide timely alerts to healthcare 
providers, thereby preventing hospitalisations.13 Real-
time monitoring employs sensors, wearable devices and 
remote monitoring systems to collect and analyse patient 
data continuously.13 Early warning systems are developed 
to detect early signs of HF exacerbation and alert health-
care providers.13 This real-time feedback mechanism also 
empowers patients with self-management tools, enabling 
them to actively participate in their own care.13

Resource planning and management
Resource planning and management (n=15) focuses on 
the application of ML to optimise resource allocation 
and management in healthcare settings. By predicting 
patient needs and hospital utilisation, ML helps in effi-
cient resource planning and reducing healthcare costs.14 
Capacity planning involves predicting hospital admissions 
and bed occupancy to ensure adequate resource avail-
ability.14 Forecasting staffing needs based on predicted 
patient influx ensures optimal staffing levels, thereby 
enhancing operational efficiency.14 Furthermore, cost 
management identifies cost-saving opportunities by 
predicting high-cost patients and optimising care path-
ways, contributing to more efficient healthcare delivery.14

Economic analyses conducted to determine the cost-
effectiveness of the application of ML models were 
notably absent in the reviewed literature.

DISCUSSION
This article comprehensively reviews the application of 
ML models for predicting HF hospitalisation and read-
mission risk in different healthcare contexts.

A notable limitation of this review is the geographical 
concentration of the included studies, with approxi-
mately 41% originating from the USA. This may reflect 
the country’s strong research infrastructure and access 
to large healthcare datasets.15 16 However, it also raises 
concerns about the generalisability of findings, as health-
care systems, practices and patient demographics vary 
significantly across regions. Broader international repre-
sentation is needed to ensure the global applicability of 
ML models in HF care.17

A notable finding from this review is the greater 
emphasis placed on predicting HF readmission risk 
compared with initial hospitalisation risk. One key 
reason for this focus could be the limited availability of 
data before a patient’s first hospitalisation.18 19 Primary 
care records are frequently maintained in systems sepa-
rate from those used by hospitals, which presents chal-
lenges to fully integrate patient data and results in less 
comprehensive datasets for ML models.20 Future research 
should explore innovative data integration approaches 
that link primary care, specialty care and hospital data. 
Moreover, incorporating emerging data sources, such as 
wearable devices and home monitoring systems, could 
provide earlier insights into HF progression, ultimately 
improving the predictive accuracy of models for first-time 
hospitalisations.21 In contrast, after an initial hospitalisa-
tion, more detailed data are collected, providing a richer 
foundation for predictive modelling.18 19 Furthermore, 
the emphasis on readmission risk may be influenced by 
policy changes and reimbursement practices, such as 
penalties imposed on hospitals with high readmission 
rates through initiatives like the Hospital Readmissions 
Reduction Programme.22–24

The review also highlights that the majority of these 
ML methods relied on medical records, while a smaller 
subset of methods used both medical records and patient 
surveys. This reliance on medical records suggests that 
EHRs continue to be the primary data source for ML in 
healthcare, likely due to their structured nature and wide-
spread availability.18 19 25 However, future research should 
focus on incorporating patient-reported outcomes 
(PROs), such as surveys capturing symptoms and quality 
of life, into these models.26 PROs provide valuable insights 
that are often missing from clinical records, offering a 
more comprehensive view of a patient’s health status.26 
Integrating these multimodal data sources, including 
medical records, may enhance the accuracy and applica-
bility of ML models by accounting for real-world patient 
experiences.

Another key finding is the relevance of demographic 
variables within the models reviewed. The integration of 
demographic factors, particularly socioeconomic status, is 
closely tied to treatment adherence and a patient’s ability 
to manage the chronic condition of HF effectively.17 27 28 
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Patients from lower socioeconomic backgrounds often 
encounter obstacles such as limited access to healthcare 
services, lower health literacy and financial constraints, all 
of which can significantly hinder their ability to manage 
the disease over time.17 27 28 Future research should 
continue to investigate the impact of these demographic 
factors while also developing models that address dispari-
ties and promote equitable care across different socioeco-
nomic groups.

Another notable observation from the studies reviewed 
is the consistent use of supervised learning models, with 
ensemble-based models demonstrating slightly superior 
performance. This preference for supervised learning 
models can be attributed to the nature of HF hospital-
isation risk prediction, which involves clearly labelled 
training data.29–31 These models are particularly well-
suited for tasks where the relationship between input 
features—such as clinical, demographic and healthcare 
utilisation variables—and output labels, like hospitalisa-
tion, needs to be learnt.29–31

Ensemble-based models performed slightly better, 
perhaps due to their ability to combine the strengths 
of multiple weaker models, resulting in more robust 
and accurate predictions.29–31 By averaging the predic-
tions of various models or weighting them appropri-
ately, ensemble methods help to reduce variance and 
avoid overfitting.29–31 This is particularly important 
for capturing complex patterns in healthcare data 
that might be missed by a single model.32–34 Ensemble 
methods are especially valuable when dealing with high-
dimensional datasets, as they can effectively manage 
numerous variables, identify the most relevant features 
and minimise noise.32–34 Based on the studies reviewed, 
ensemble-based models appear to be the most prom-
ising ML approach for predicting HF hospitalisation 
and readmission. Their consistent performance across 
diverse datasets, ability to manage high-dimensional 
and imbalanced data, and robustness against overfitting 
make them particularly well-suited for clinical applica-
tions in this domain.32–34

The complexity of healthcare data, with its non-linear 
interactions between clinical, demographic and health-
care utilisation variables, makes ensemble methods partic-
ularly effective.32–34 Their ability to aggregate diverse 
decision boundaries enables them to capture nuanced 
relationships within the data that could be crucial for 
predicting outcomes like HF hospitalisation.32–34 Addi-
tionally, ensemble models are adept at handling unbal-
anced datasets, which are common in healthcare settings 
where hospitalisation events are relatively infrequent.32–34 
By iteratively refining their predictions, these models 
improve sensitivity to minority classes, such as patients at 
high risk for hospitalisation or readmission, while main-
taining overall predictive accuracy.32–34 This ability to 
focus on high-risk individuals makes ensemble models 
especially valuable in healthcare, where timely and accu-
rate identification of these patients can lead to more 
effective interventions and better patient outcomes.32–34

The review underscores the transformative potential 
of ML in predicting HF hospitalisation across several key 
areas. Clinical decision support and personalised care 
emerged as particularly impactful, demonstrating how 
ML enhances risk stratification and tailors treatment 
plans, improving patient outcomes and enabling more 
effective interventions. Data integration and advanced 
modelling highlight the value of combining diverse data 
sources, such as EHRs and patient surveys, to develop 
more accurate and robust predictive models. Monitoring 
and real-time analytics showcase the promise of contin-
uous patient monitoring and early detection of deteriora-
tion, which can help prevent unnecessary hospitalisations 
and support patient self-management. Finally, resource 
planning and management illustrate how ML can opti-
mise resource allocation and reduce costs by predicting 
patient needs and hospital utilisation. However, a signif-
icant gap identified in the literature is the absence of 
comprehensive economic analyses to assess the cost-
effectiveness of ML model applications. Future research 
must prioritise these economic evaluations to justify the 
widespread implementation of ML in clinical settings, 
particularly in resource-constrained environments. These 
analyses should consider both the direct costs of imple-
mentation and long-term savings from improved patient 
outcomes, reduced readmissions and optimised resource 
utilisation, ensuring that adopting these models is 
economically viable and beneficial to healthcare systems.

CONCLUSIONS
This scoping review synthesised the existing evidence on 
ML methods, their applications and the current lack of 
economic analysis in predicting HF hospitalisation risk. 
The review highlights that ML has shown considerable 
promise in supporting HF management, particularly in 
predicting both hospitalisation and readmission risks. 
Ensemble-based models emerged as top performers due 
to their ability to handle complex, multimodal healthcare 
data. These models enhance clinical decision support by 
enabling risk stratification, personalising care plans and 
informing early interventions that can improve patient 
outcomes and reduce hospitalisations.

However, a significant geographical concentration in 
the USA and an over-reliance on medical records empha-
sise the need for broader, more inclusive research that 
incorporates diverse populations and richer data sources, 
such as PROs. Furthermore, the dominance of studies 
focusing on readmission risk reflects data limitations 
prior to initial hospitalisations, suggesting the need for 
innovative data integration approaches.

Despite these advancements, a major gap identi-
fied in the literature is the absence of comprehensive 
economic analyses. To date, no study has evaluated the 
cost-effectiveness of implementing ML models in clinical 
practice. The literature reveals a gap in economic evalu-
ations of ML models for HF hospitalisation prediction. 
This gap suggests an opportunity for future research to 
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explore the cost-effectiveness and practical implementa-
tion considerations of these models in diverse healthcare 
settings. By doing so, the adoption of ML models can be 
more effectively justified and tailored to meet the needs 
of diverse healthcare systems, ensuring both clinical and 
economic viability.

In conclusion, while ML offers substantial potential for 
improving HF care, ensemble-based models appear to be 
the most effective due to their consistent performance, 
capacity to manage complex and high-dimensional 
healthcare data, and ability to capture non-linear inter-
actions among clinical, demographic and utilisation 
variables. Their robustness and adaptability make them 
especially suitable for real-world healthcare settings, 
where data are often heterogeneous and imbalanced. 
Future research should aim to expand the generalisability 
of these models, incorporate diverse data sources and 
conduct robust economic evaluations. Addressing these 
challenges will help translate the promising results of 
ML into widespread clinical practice, ultimately reducing 
hospitalisations and improving patient outcomes on a 
global scale.
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