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Abstract
Background  Heart failure (HF) impacts nearly 6 million individuals in the U.S., with a projected 46% increase by 
2030, is creating significant healthcare burdens. Predictive models, particularly machine learning (ML)-based models, 
offer promising solutions to identify patients at greater risk of adverse outcomes, such as mortality and hospital 
readmission. This review aims to assess the effectiveness of ML models in predicting HF-related outcomes, with 
a focus on their potential to improve patient care and clinical decision-making. We aim to assess how effectively 
machine learning models predict mortality and readmission in heart failure patients to improve clinical outcomes.

Method  The study followed PRISMA 2020 guidelines and was registered in the PROSPERO database 
(CRD42023481167). We conducted a systematic search in PubMed, Scopus, and Web of Science databases using 
specific keywords related to heart failure, machine learning, mortality and readmission. Extracted data focused on 
study characteristics, machine learning details, and outcomes, with AUC or c-index used as the primary outcomes for 
pooling analysis. The PROBAST tool was used to assess bias risk, evaluating models based on participants, predictors, 
outcomes, and statistical analysis. The meta-analysis pooled AUCs for different machine learning models predicting 
mortality and readmission. Prediction accuracy data was categorized by timeframes, with high heterogeneity 
determined by an I² value above 50%, leading to a random-effects model when applicable. Publication bias was 
assessed using Egger’s and Begg’s tests, with a p-value below 0.05 considered significant

Result  A total of 4,505 studies were identified, and after screening, 64 were included in the final analysis, covering 
943,941 patients. Of these, 40 studies focused on mortality, 17 on readmission, and 7 on both outcomes. In total, 
346 machine learning models were evaluated, with the most common algorithms being random forest, logistic 
regression, and gradient boosting. The neural network model achieved the highest overall AUC for mortality 
prediction (0.808), while the support vector machine performed best for readmission prediction (AUC 0.733). The 
analysis revealed a significant risk of bias, primarily due to reliance on retrospective data and inadequate sample size 
justification.
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Introduction
Heart failure (HF) is a complex condition characterized 
by the heart’s inability to adequately pump blood and 
oxygen to sustain other organs, as defined by the US Cen-
ters for Disease Control and Prevention which is highly 
prevalent in the United States [1], affecting nearly 6 mil-
lion Americans aged elder than 20 years [2]. By the year 
2030, it is anticipated that the prevalence of this condi-
tion will surge by 46%, surpassing the 8  million marks 
[3]. This rising prevalence places a substantial burden 
on healthcare systems and underscores the need for 
improved management strategies.

One of the most critical challenges in HF care is the 
high rate of readmissions and mortality.

Elevated rates of readmission and mortality often sig-
nal inadequate care during the initial hospitalization and 
discharge planning process leading to detrimental effects 
on patient health and well-being [4]. Thus, forecasting 
the mortality of heart failure patients holds significant 
importance for various reasons, such as enhancing the 
quality of care, mitigating healthcare expenses, opti-
mizing resource distribution, and ultimately improving 
patient outcomes [5].

Predictive models have the potential to transform HF 
care by helping clinicians identify patients at the highest 
risk of adverse outcomes, such as death or readmission. 
Despite their potential benefits, predictive models for 
readmission and mortality after heart failure (HF) hospi-
talization often exhibit unsatisfactory performance com-
pared to models predicting mortality. This performance 
gap underscores the need for further research and refine-
ment to improve the accuracy and reliability of readmis-
sion prediction models in HF care settings [6].

In recent years, machine learning (ML) and artificial 
intelligence (AI) have gained prominence in healthcare 
due to their ability to analyze complex data and detect 
patterns that may not be apparent with traditional 
methods.

ML models, in particular, have demonstrated superior 
performance in predicting HF-related outcomes, with 
76% of studies reporting better results compared to con-
ventional statistical models. Leveraging ML to develop 
more accurate predictive models could significantly 
enhance the care of HF patients by providing clinicians 
with powerful tools to anticipate risks and make more 
informed treatment decisions [7, 8].

In this systematic review and meta-analysis, we aim to 
evaluate the effectiveness of ML-based predictive models 
for forecasting mortality and readmission in HF patients, 
providing insights into their potential to improve clinical 
outcomes.

Method
This study was conducted according to the criteria of 
Preferred Reporting Items for Systematic Reviews and 
Meta-Analyses (PRISMA 2020) [9]. To ensure trans-
parency and adherence to planned methods, the study 
protocol was prospectively registered with PROS-
PERO, an international database for systematic reviews 
(CRD42023481167).

Search strategy
PubMed, Scopus, and Web of Science were searched 
systemically up to November 11, 2023. To identify all 
pertinent studies, we employed a combination of stan-
dardized medical terminology (MeSH headings) and 
normal search terms. The tree main keywords with their 
synonyms and similarities was as follows:1. “Heart Fail-
ure” OR “congestive heart failure” OR “cardiac failure” 
OR “heart decompensation” OR “myocardial failure” 2. 
“Machine Learning” OR “artificial intelligence” OR “arti-
ficial neural network” OR “deep learning” OR “prediction 
model” 3. “Mortality” OR “death” OR “fatality” OR “sur-
vival” OR “admission” OR “readmission” OR “Rehospital-
ization”. The detailed search strategy for each database is 
available in additional file.

The inclusion criteria for this study were as follows: 
studies investigating the apply of machine learning mod-
els on heart failure patients, studies investigating on 
mortality or readmission or both, and studies written in 
English.

We excluded studies conducted in a non-English lan-
guage or in the case of full-text unavailability. Also, all 
the other types of study except original studies with a 
detailed machine learning evaluation were excluded.

Data extraction
Four reviewers separated into two groups, indepen-
dently extracted data from the included studies into a 
pre-defined form, and any dissimilarity was resolved by 
the first author. The Extracted data can be divided into 
three main categories: (1) Study characteristics (Author, 
year, country, age, sex, population, heart failure type) (2) 

Conclusion  In conclusion, this review emphasizes the strong potential of ML models in predicting HF readmission 
and mortality. ML algorithms show promise in improving prognostic accuracy and enabling personalized patient care. 
However, challenges like model interpretability, generalizability, and clinical integration persist. Overcoming these 
requires refined ML techniques and a robust regulatory framework to enhance HF outcomes.
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Machine learning details (model type, predictive vari-
ables, test-train split, evaluation metric) (3) Outcomes. 
Because the most common type of reported outcome was 
AUC or c-index, we decided to consider this variable as 
our main outcomes for the pooling analysis. However, 
sensitivity, specificity, and accuracy were also analyzed. 
When a study explores multiple models, or even in dif-
ferent time-framing, we extracted the data pertaining to 
each model and timeframe individually. In case of report-
ing different number of predictive variables, we just con-
sidered the one included in the final operated model.

Quality assessment
To evaluate the risk of bias of the included models, PRO-
BAST assessment tool was utilized [10]. The defined 
questionnaire contains 20 questions categorized into four 
domains: participants, predictors, outcomes, and statisti-
cal analysis. On the basis of pre-defined answers (“yes”, 
“probably yes”, “no”, “may or may not”, and “no informa-
tion), the models were evaluated as low risk, high risk, or 
unclear risk of bias. The same four reviewers which did 
the data extraction were also responsible, and any con-
flicts was concluded by a third party.

Data analysis
The meta-analysis was conducted using STATA 17 to 
pool the AUCs of various machine learning models 
designed to predict the mortality and readmission of HF 
patients. It has to be mentioned that the data of different 
deep learning models was pooled due to the low number 
of studies employing each specific deep learning model.

Prediction accuracy data for each model were reported 
over different time periods in some studies. To ensure 
comparability, we selected and pooled data with simi-
lar prediction periods. For mortality prediction accura-
cies, the data were categorized as follows: “under 1-year”, 
“1-year”, “more than 1-year”, and “overall”. In the “overall” 
category, one prediction data point per model from each 
study was selected and pooled, preferably data around 
the 1-year mark. The categories for readmission predic-
tion data were similar to those for mortality, with the dis-
tinction that the “under 1-year” and “1-year” categories 
were merged. 

Finally, the mean and standard error (SE) of the AUCs 
of the models from the included studies were extracted 
and pooled. Also, other evaluation metrics including 
sensitivity, specificity, and accuracy were pooled. Het-
erogeneity in the meta-analyses was assessed using the 
I² statistic. An I² value greater than 50% indicated high 
heterogeneity, in which case a random-effects model was 
employed for the analysis. Publication bias was evaluated 
using Egger’s regression test and Begg’s test. A p-value 
less than 0.05 was considered statistically significant.

Result
Screening results
In total, 4505 articles were gathered through a system-
atic search in three databases. By removing 1226 dupli-
cate papers, a total of 3279 papers were included for 
the first screen. Following that, by screening the titles 
and abstracts, 180 papers were chosen to be reviewed 
through full texts. Finally, 64 papers were qualified to be 
included in the study. The screening process is illustrated 
in Fig. 1.

Characteristics of studies
Out of the 64 studies reviewed, mortality was the pri-
mary outcome investigated in 40 papers [11–50], while 
readmission was the sole focus of 17 papers [51–67]. 
Seven studies [68–74] examined both mortality and 
readmission. This study examined a total of 943,941 
patients. Among them, the mortality group accounted 
for 741,050 cases (78.51%), while the readmission group 
comprised 202,891 patients (21.49%). Except for six 
studies [14, 30, 57, 58, 60, 61], all the other papers were 
published after 2020. In terms of the origins of publica-
tions, the USA had 22 papers, and China had 18 papers. 
Entirely, 346 machine learning models were developed, 
including 225 and 121 models for mortality and readmis-
sion, respectively. The algorithms by order of prevalence 
were as follows: random forest (n = 74), logistic regres-
sion (n = 69), gradient boosting (n = 62), support vector 
machine (n = 43), neural network (n = 32), decision tree 
(n = 16), lasso regression (n = 15), KNN (n = 10), Bayesian 
network (n = 7), and others (n = 18). Samples of studies 
were acquired from a total of four origins: public data-
bases (n = 22), national data registries (n = 18), clinical 
trials (n = 13), and electronic health records(n = 11). The 
table presenting key characteristics of studies is available 
in additional files.

Quality assessments
PRPBAST was used to evaluate the risk of bias in all 
models. Many machine learning models in this analysis 
were susceptible to bias. This was primarily caused by 
two factors: (1) a heavy reliance on studies with retro-
spective data, where participants were enrolled after the 
event of interest had occurred, and (2) a lack of sample 
size justification. In Fig. 2, we illustrated risk assessments 
divided into four domains.

Meta-analysis of prediction models
AUC for the prediction of mortality – overall
The results of our meta-analyses revealed that the “Neu-
ral network” model, based on 13 included studies, had 
the best AUC for the prediction of mortality in the HF 
patients with the pooled AUC of 0.808 [95% CI: 0.754–
0.863]. Also, the “Gradient boosting” model, based on 
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30 included studies, had a pooled AUC of 0.796 [95% CI: 
0.746–0.845], which was approximately similar to the 
neural network model. The lowest pooled AUC belonged 
to the “K-nearest neighbors” model, based on 5 included 
studies, with a pooled AUC of 0.571 [95% CI: 0.532–
0.611]. The results of the pooled AUCs of all of the mod-
els are reported in Table 1; Figs. 3 and 4.

AUC for the prediction of mortality – under 1-year
The results of our meta-analyses showed that the “Neu-
ral network” model, based on 4 included studies, had 
the best AUC for the prediction of mortality in the HF 
patients with the pooled AUC of 0.829 [95% CI: 0.788–
0.871]. Also, the “Gradient boosting” model, based on 
10 included studies, had a pooled AUC of 0.817 [95% 
CI: 0.792–0.843], which was approximately similar to 
the “Neural network” model. The lowest pooled AUC 
belonged to the “Decision tree” model, based on 5 

Fig. 1  Prisma flowchart illustrating the process of screening
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included studies, with a pooled AUC of 0.681 [95% CI: 
0.583–0.778]. The results of the pooled AUCs of all of the 
models are reported in Table 1.

AUC for the prediction of mortality – 1-year
The results of our meta-analyses showed that the “Gra-
dient boosting” model, based on 5 included studies, had 
the best AUC for the prediction of mortality in the HF 
patients with the pooled AUC of 0.820 [95% CI: 0.765–
0.875]. The lowest pooled AUC belonged to the “Support 
vector machine” model, based on 5 included studies, with 
a pooled AUC of 0.689 [95% CI: 0.583–0.795]. The results 
of the pooled AUCs of all of the models are reported in 
Table 1.

AUC for the prediction of mortality – more than 1-year
The results of our meta-analyses showed that the “Neu-
ral network” model, based on 2 included studies, had 
the best AUC for the prediction of mortality in the 
HF patients with the pooled AUC of 0.798 [95% CI: 
0.767–0.828]. Also, Among the models with more than 
3 included studies, the “Logistic regression” and “Ran-
dom Forest” models, based on 5 included studies, had a 
pooled AUC of 0.687 [95% CI: 0.623–0.751] and 0.682 
[95% CI: 0.630–0.735], respectively, which were lower 
than the “Neural network” model. The lowest pooled 
AUC belonged to the “Support vector machine” model, 
based on 5 included studies, with a pooled AUC of 0.642 
[95% CI: 0.583–0.778]. The results of the pooled AUCs of 
all of the models are reported in Table 1.

AUC for the prediction of mortality – not specific
We pooled the data of studies that did not report specific 
periods for mortality. The results of our meta-analyses 
showed that the “Neural Network” model, based on 6 
included studies, had the best AUC for the prediction 
of mortality in the HF patients with the pooled AUC of 
0.851 [95% CI: 0.796–0.905]. The lowest pooled AUC 
belonged to the “Support vector machine” model, based 
on 9 included studies, with a pooled AUC of 0.718 [95% 
CI: 0.578–0.857]. The results of the pooled AUCs of all of 
the models are reported in Table 1.

Other metrics for the prediction of mortality – overall
The performance of various machine learning models to 
predict mortality was also evaluated based on accuracy, 
sensitivity, and specificity (Table 2).

For accuracy, the Decision Tree (N = 2) achieved the 
highest performance with an AUC of 0.810 (95% CI: 
0.504–1.117), followed by Support Vector Machine 
(SVM) (N = 8) with an AUC of 0.743 (95% CI: 0.694–
0.791) and Gradient Boosting (N = 12) with an AUC of 
0.706 (95% CI: 0.467–0.945). Random Forest (N = 15) 
and Logistic Regression (N = 10) showed moderate accu-
racy, with AUC values of 0.600 (95% CI: 0.415–0.786) 
and 0.576 (95% CI: 0.366–0.786), respectively. K-Nearest 
Neighbors (KNN) (N = 2) had an AUC of 0.601 (95% CI: 
0.576–0.627), while Neural Network (N = 4) exhibited the 
lowest accuracy with an AUC of 0.441 (95% CI: 0.061–
0.820). Similarly, Lasso Regression (N = 4) performed 
poorly with an AUC of 0.413 (95% CI: 0.079–0.747). 
Bayesian Network (N = 1) did not provide sufficient data 

Fig. 2  Percentage staked chart regarding risk of bias assessment
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for evaluation. The forest plots of some models are pre-
sented in Figs. 5 and 6.

For sensitivity, Lasso Regression (N = 2) had the high-
est AUC of 0.776 (95% CI: 0.564–0.988), followed by 
Gradient Boosting (N = 12) with an AUC of 0.678 (95% 
CI: 0.527–0.829). Random Forest (N = 12) and Neural 
Network (N = 3) demonstrated moderate sensitivity, with 
AUC values of 0.619 (95% CI: 0.547–0.691) and 0.623 
(95% CI: 0.503–0.743), respectively. Logistic Regres-
sion (N = 9) and Support Vector Machine (SVM) (N = 7) 
showed comparable sensitivity, with AUC values of 0.592 
(95% CI: 0.508–0.676) and 0.590 (95% CI: 0.492–0.687), 
respectively. Decision Tree (N = 3) had an AUC of 0.609 
(95% CI: 0.224–0.994), whereas K-Nearest Neighbors 
(KNN) (N = 2) had the lowest sensitivity with an AUC of 
0.339 (95% CI: 0.314–0.364). Bayesian Network (N = 0) 
did not provide data for sensitivity evaluation. The forest 
plots of some models are presented in Fig. 7.

For specificity, Neural Network (N = 3) achieved the 
highest AUC of 0.774 (95% CI: 0.657–0.891), followed 
by Support Vector Machine (SVM) (N = 5) with an AUC 
of 0.761 (95% CI: 0.572–0.950) and Gradient Boost-
ing (N = 8) with an AUC of 0.757 (95% CI: 0.664–0.850). 
Random Forest (N = 8) and Logistic Regression (N = 7) 
performed similarly, with AUC values of 0.755 (95% CI: 
0.704–0.806) and 0.745 (95% CI: 0.685–0.805), respec-
tively. Lasso Regression (N = 2) demonstrated moderate 
specificity with an AUC of 0.701 (95% CI: 0.610–0.793), 
while K-Nearest Neighbors (KNN) (N = 2) had a lower 
specificity of 0.685 (95% CI: 0.592–0.778). Decision Tree 
(N = 1) did not provide sufficient specificity data. Bayes-
ian Network (N = 0) also lacked specificity data for evalu-
ation. The forest plots of some models are presented in 
Fig. 8.

AUC for the prediction of the readmission – overall
The results of our meta-analyses revealed that the “Sup-
port vector machine” model, based on 10 included stud-
ies, had the best AUC for the prediction of readmission 
in the HF patients with the pooled AUC of 0.726 [95% CI: 
0.639–0.813]. Also, the “Gradient boosting” model, based 
on 18 included studies, had a pooled AUC of 0.703 [95% 
CI: 0.649–0.758], which was less accurate than the “Sup-
port vector machine” model but included more studies. 
The lowest pooled AUC belonged to the “Decision tree” 
model, based on 3 included studies, with a pooled AUC 
of 0.618 [95% CI: 0.558–0.679]. The results of the pooled 
AUCs of all of the models are reported in Table 3; Figs. 9 
and 10.

AUC for the prediction of the readmission – under 1-year
The results of our meta-analyses revealed that the “Sup-
port vector machine” model, based on 3 included stud-
ies, had the best AUC for the prediction of readmission Ta
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in the HF patients with the pooled AUC of 0.764 [95% 
CI: 0.617–0.910]. The lowest pooled AUC belonged to 
the “Neural Network” model, based on 3 included stud-
ies, with a pooled AUC of 0.580 [95% CI: 0.558–0.602]. 
The results of the pooled AUCs of all of the models are 
reported in Table 3.

AUC for the prediction of the readmission – 1 year and more
The results of our meta-analyses revealed that the “Ran-
dom Forest” model, based on 4 included studies, had the 
best AUC for the prediction of readmission in the HF 
patients with the pooled AUC of 0.721 [95% CI: 0.614–
0.828]. The lowest pooled AUC belonged to the “Logis-
tic regression” model, based on 3 included studies, with a 
pooled AUC of 0.649 [95% CI: 0.535–0.763]. The results 

Fig. 3  Forest plots reporting the results of the meta-analysis of the accuracy of machine learning models for predicting mortality in heart failure (HF) 
patients. (1) It represents the pooled area under the curve (AUC) values for the Random Forest model across multiple studies, (2) It shows the pooled AUC 
for the Logistic Regression model, and (3) It presents the pooled AUC for the Support Vector Machine model. (4) It shows the pooled accuracy values for 
the Gradient Boosting model. Each plot includes individual study estimates with corresponding confidence intervals and study weights. The diamond at 
the bottom of each plot represents the overall pooled estimate with its confidence interval
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Table 2  Pooled analysis of other evaluation metrics (accuracy, sensitivity, specificity) for mortality prediction
Model Accuracy Sensitivity Specificity

N Pooled AUC Confidence interval N Pooled AUC Confidence interval N Pooled AUC Confidence interval
Random forest 15 0.600 0.415–0.786 12 0.619 0.547–0.691 8 0.755 0.704–0.806
Logistic regression 10 0.576 0.366–0.786 9 0.592 0.508–0.676 7 0.745 0.685–0.805
Support vector machine 8 0.743 0.694–0.791 7 0.590 0.492–0.687 5 0.761 0.572–0.950
Gradient boosting 12 0.706 0.467–0.945 12 0.678 0.527–0.829 8 0.757 0.664–0.850
Neural Network 4 0.441 0.061–0.820 3 0.623 0.503–0.743 3 0.774 0.657–0.891
Decision tree 2 0.810 0.504–1.117 3 0.609 0.224–0.994 1 NA NA
K-nearest neighbors 2 0.601 0.576–0.627 2 0.339 0.314–0.364 2 0.685 0.592–0.778
Lasso regression 4 0.413 0.079–0.747 2 0.776 0.564–0.988 2 0.701 0.610–0.793
Bayesian network 1 NA NA 0 NA NA 0 NA NA

Fig. 4  Forest plots summarizing the meta-analysis of the accuracy of machine learning models for predicting mortality in heart failure (HF) patients. (1) It 
represents the pooled area under the curve (AUC) values for the K-Nearest Neighbors model across multiple studies, (2) It shows the pooled AUC for the 
Lasso Regression model, (3) It presents the pooled AUC for the Decision Tree model, and (4) It shows the pooled AUC for the Neural Network model. Each 
plot includes individual study estimates with corresponding confidence intervals and study weights. The diamond at the bottom of each plot represents 
the overall pooled estimate with its confidence interval
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Fig. 6  Forest plots summarizing the meta-analysis of the accuracy of machine learning models for predicting mortality in heart failure (HF) patients. (2) 
It shows the pooled accuracy for the Lasso Regression model and (4) It shows the pooled accuracy for the Neural Network model. Each plot includes 
individual study estimates with corresponding confidence intervals and study weights. The diamond at the bottom of each plot represents the overall 
pooled estimate with its confidence interval

 

Fig. 5  Forest plots reporting the results of the meta-analysis of the accuracy of machine learning models for predicting mortality in heart failure (HF) 
patients. (1) It represents the pooled accuracy for the Random Forest model across multiple studies, (2) It shows the pooled accuracy for the Logistic 
Regression model, and (3) It presents the pooled accuracy for the Support Vector Machine model. (4) It shows the pooled accuracy values for the Gradient 
Boosting model. Each plot includes individual study estimates with corresponding confidence intervals and study weights. The diamond at the bottom 
of each plot represents the overall pooled estimate with its confidence interval
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of the pooled AUCs of all of the models are reported in 
Table 3.

AUC for the prediction of the readmission – not specific
We pooled the data from studies that did not report spe-
cific periods for readmission to the hospital. The results 
of our meta-analyses revealed that the “Gradient boost-
ing” model, based on 9 included studies, had the best 
AUC for the prediction of readmission in the HF patients 
with the pooled AUC of 0.767 [95% CI: 0.697–0.836]. The 
lowest pooled AUC belonged to the “Neural Network” 
model, based on 4 included studies, with a pooled AUC 
of 0.671 [95% CI: 0.512–0.830]. The results of the pooled 
AUCs of all of the models are reported in Table 3.

Other metrics for the prediction of readmission – overall
The pooled analysis of various machine learning mod-
els for readmission prediction was also evaluated using 
accuracy, sensitivity, and specificity metrics (Table 4).

For accuracy, the Support Vector Machine (SVM) 
model, based on 3 included studies, achieved the high-
est AUC of 0.833 [95% CI: 0.696–0.970], followed by the 
Gradient Boosting model, based on 6 included studies, 
with an AUC of 0.782 [95% CI: 0.683–0.882]. The Ran-
dom Forest model, based on 5 included studies, showed 
moderate accuracy with an AUC of 0.736 [95% CI: 0.573–
0.898], while K-Nearest Neighbors (KNN), based on 2 
included studies, had an AUC of 0.668 [95% CI: 0.379–
0.957]. The lowest accuracy was observed for Logistic 
Regression, based on 4 included studies, with an AUC of 
0.590 [95% CI: 0.532–0.649].

For sensitivity, the Support Vector Machine (SVM) 
model, based on 2 included studies, had the highest 
AUC of 0.835 [95% CI: 0.767–0.903], followed closely by 
the Random Forest model, based on 4 included studies, 
with an AUC of 0.801 [95% CI: 0.689–0.912]. The Gradi-
ent Boosting model, based on 4 included studies, showed 
an AUC of 0.756 [95% CI: 0.669–0.842], while K-Nearest 

Fig. 7  Forest plots reporting the results of the meta-analysis of the accuracy of machine learning models for predicting mortality in heart failure (HF) 
patients. (1) It represents the pooled sensitivity for the Random Forest model across multiple studies, (2) It shows the pooled sensitivity for the Logistic 
Regression model, and (3) It presents the pooled sensitivity for the Support Vector Machine model. (4) It shows the pooled sensitivity for the Gradient 
Boosting model. Each plot includes individual study estimates with corresponding confidence intervals and study weights. The diamond at the bottom 
of each plot represents the overall pooled estimate with its confidence interval
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Neighbors (KNN) had a lower sensitivity of 0.656 [95% 
CI: 0.370–0.942]. The lowest sensitivity was observed for 
Logistic Regression, based on 4 included studies, with an 
AUC of 0.560 [95% CI: 0.406–0.713].

For specificity, the Support Vector Machine (SVM) 
model again achieved the highest AUC of 0.950 [95% CI: 
0.852–1.049], followed by the Gradient Boosting model, 
based on 3 included studies, with an AUC of 0.885 [95% 
CI: 0.755–1.015]. The Random Forest model, based on 4 
included studies, had an AUC of 0.797 [95% CI: 0.527–
1.066], while Logistic Regression, based on 4 included 
studies, had an AUC of 0.615 [95% CI: 0.541–0.689]. The 
specificity of K-Nearest Neighbors (KNN) was not avail-
able due to insufficient data.

Discussion
In this systematic review, we discovered that machine 
learning models are able to strongly predict readmission 
and mortality outcomes in HF. Our analysis included 64 
studies, encompassing a total of 943,941 patients, with 

346 machine learning models developed for mortality 
and readmission predictions. Notably, neural network 
models demonstrated the highest predictive accuracy for 
overall mortality with a pooled AUC of 0.808, followed 
closely by gradient boosting models with a pooled AUC 
of 0.796. In contrast, logistic regression and decision tree 
models showed lower predictive performance. To pre-
dict the overall readmission, the support vector machine 
model showed the highest pooled AUC of 0.726. On the 
other hand, the decision tree model with a pooled AUC 
of 0.618 had the lowest predictive ability. These findings 
underscore the potential of machine learning algorithms 
to enhance prognostic accuracy in HF, thereby facilitat-
ing more personalized and effective patient management 
strategies.

Heart failure symptoms as predictors of risk: clinical 
implications
HF is a complex clinical syndrome characterized by the 
heart’s inability to maintain adequate blood circulation, 

Fig. 8  Forest plots reporting the results of the meta-analysis of the accuracy of machine learning models for predicting mortality in heart failure (HF) 
patients. (1) It represents the pooled specificity for the Random Forest model across multiple studies, (2) It shows the pooled specificity for the Logistic 
Regression model, and (3) It presents the pooled specificity for the Support Vector Machine model. (4) It shows the pooled specificity for the Gradient 
Boosting model. Each plot includes individual study estimates with corresponding confidence intervals and study weights. The diamond at the bottom 
of each plot represents the overall pooled estimate with its confidence interval
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leading to symptoms such as dyspnea, fatigue, and fluid 
retention [75]. These symptoms are not only indicative 
of the disease’s presence but also serve as critical predic-
tors of patient risk and prognosis [76]. For instance, the 
severity of dyspnea correlates strongly with mortality and 
hospitalization rates [77]. Additionally, biomarkers like 
natriuretic peptides, which reflect cardiac stress and fluid 
overload, are valuable in predicting adverse outcomes 
[78]. Understanding and quantifying these symptoms 
and biomarkers enable clinicians to stratify risk more 
accurately, guiding therapeutic decisions and improving 
patient management in HF [79]. Identification of these 
biomarkers may additionally lead to the generation of 
more accurate ML models.

Existing prognostic tools for heart failure: the role of 
GRACE and beyond
Current predictive tools for HF, such as the Global Reg-
istry of Acute Coronary Events (GRACE) score and the 
TIMI score, have been instrumental in advancing the 
prognosis of HF by incorporating a wide range of clinical 
parameters [80, 81]. The GRACE score, which includes 
variables like age, heart rate, and creatinine levels, has 
been validated across diverse populations and has shown 
robust performance in predicting mortality and adverse 
events in HF patients [82]. However, despite its strengths, 
the GRACE model and similar traditional tools often face 
limitations in handling the complexity and heterogene-
ity of HF data [83]. ML models, on the other hand, offer 
significant improvements by integrating diverse data 
sources and identifying complex and non-linear patterns 
that are not apparent through conventional methods 
[84]. This capability allows ML models to provide more 
accurate and personalized predictions, thereby enhanc-
ing clinical decision-making and patient outcomes in HF 
management.

Superiority of machine learning models over traditional 
prognostic methods
ML models have demonstrated significant superiority 
over traditional methods in predicting HF prognosis due 
to their ability to handle large and complex datasets, iden-
tify intricate patterns, and continuously improve with 
more data. Unlike conventional methods, which often 
rely on static and limited clinical variables, ML mod-
els can integrate diverse data sources, including genetic 
information, biomarkers, and patient-reported outcomes, 
leading to more accurate and personalized predictions 
[85]. Additionally, ML models exhibit enhanced dis-
crimination and risk stratification capabilities, which are 
crucial for effective clinical decision-making [86]. This 
improved performance underscores the potential of ML 
models to revolutionize HF management by providing 
more reliable and actionable insights.Ta
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About neural network models
Studies have shown that ML algorithms, such as neural 
networks and deep learning models, outperform tradi-
tional models in predicting HF outcomes [87, 88]. These 
advanced models can automatically learn and extract 
complex patterns from large, high-dimensional datas-
ets, which is often challenging for traditional models. 
For instance, deep learning models excel at handling 
unstructured data such as medical images, clinical notes, 
and time-series data from wearable devices, enabling a 
more comprehensive analysis [89]. This ability to inte-
grate and analyze diverse data sources leads to more 
accurate and personalized predictions. Furthermore, 
neural networks can capture non-linear relationships 
and complex interactions between variables, which are 
frequently overlooked by traditional models [88]. This 

results in enhanced predictive performance and better 
identification of high-risk patients, ultimately facilitating 
more effective and timely interventions. The application 
of these models in real-world data scenarios underscores 
their potential to revolutionize the field of medical prog-
nosis and improve patient outcomes significantly.

Limitations of current predictive models
Current machine-learning predictive models for HF 
prognosis in clinical settings face several significant limi-
tations. The interpretability of some of these models such 
as neural networks is a concern, as they often do not pro-
vide clear insights into the underlying factors driving the 
predictions, making it difficult for clinicians to apply the 
results effectively in practice [90]. To address these chal-
lenges, explainable AI (XAI) techniques have emerged as 

Fig. 9  Forest plots reporting the results of the meta-analysis of the accuracy of machine learning models for predicting hospital readmission in heart 
failure (HF) patients. (1) It represents the pooled area under the curve (AUC) values for the Random Forest model across multiple studies, (2) It shows the 
pooled AUC for the Logistic Regression model, and (3) It presents the pooled AUC for the Support Vector Machine model. (4) It shows the pooled accuracy 
values for the Gradient Boosting model. Each plot includes individual study estimates with corresponding confidence intervals and study weights. The 
diamond at the bottom of each plot represents the overall pooled estimate with its confidence interval
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potential solutions. These methods aim to make AI sys-
tems more transparent and understandable by elucidat-
ing how input features influence predictions. Techniques 
such as SHAP (Shapley Additive Explanations), LIME 
(Local Interpretable Model-Agnostic Explanations), and 
Grad-CAM (Gradient-weighted Class Activation Map-
ping) provide visual or quantitative insights into model 
behavior [91]. Additionally, inherently interpretable 
models, such as decision trees and linear regression, or 
hybrid approaches combining black-box and white-box 
methods, offer a trade-off between accuracy and explain-
ability [91]. Implementing XAI techniques, from data 

preprocessing to post-modeling explainability, ensures a 
more robust and communicable system. Such advance-
ments are essential for fostering clinician trust, improv-
ing patient outcomes, and ensuring ethical compliance 
in clinical decision support systems (CDSS) [91].Fur-
thermore, the generalizability of these models is limited 
due to variations in etiologies and clinical presentations 
[90]. Despite advancements in machine learning and 
artificial intelligence, the performance of these models 
often remains modest, with C-statistics rarely exceeding 
0.8 [92]. Additionally, several critical concerns, such as 
the roles of physicians and patients in decision-making, 

Table 4  Pooled analysis of other evaluation metrics (accuracy, sensitivity, specificity) for readmission prediction
Model Accuracy Sensitivity Specificity

N Pooled AUC Confidence interval N Pooled AUC Confidence interval N Pooled AUC Confidence interval
Random forest 5 0.736 0.573–0.898 4 0.801 0.689–0.912 4 0.797 0.527–1.066
Logistic regression 4 0.590 0.532–0.649 4 0.560 0.406–0.713 4 0.615 0.541–0.689
Support vector machine 3 0.833 0.696–0.970 2 0.835 0.767–0.903 2 0.950 0.852–1.049
Gradient boosting 6 0.782 0.683–0.882 4 0.756 0.669–0.842 3 0.885 0.755–1.015
K-nearest neighbors 2 0.668 0.379–0.957 2 0.656 0.370–0.942 1 NA NA

Fig. 10  Forest plots summarizing the meta-analysis of the accuracy of machine learning models for predicting hospital readmission in heart failure (HF) 
patients. (1) It represents the pooled area under the curve (AUC) values for the K-Nearest Neighbors model across multiple studies, (2) It shows the pooled 
AUC for the Lasso Regression model, (3) It presents the pooled AUC for the Decision Tree model, and (4) It shows the pooled AUC for the Neural Network 
model. Each plot includes individual study estimates with corresponding confidence intervals and study weights. The diamond at the bottom of each 
plot represents the overall pooled estimate with its confidence interval
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issues of reliability, transparency, accountability, liability, 
data privacy, biases, monitoring of AI-related adverse 
events, cybersecurity, and system updates have raised 
skepticism about adopting AI algorithms in clinical prac-
tice [86]. Addressing these barriers in implementing ML 
in clinical practice requires a multifaceted approach. 
Robust data governance frameworks, such as compli-
ance with General Data Protection Regulation (GDPR) 
and Health Insurance Portability and Accountabil-
ity Act (HIPAA), should be enforced to ensure patient 
data is securely stored, anonymized, and used only with 
informed consent [93, 94]. Transparency in algorithm 
design, including documentation of training data sources 
and model assumptions, can help mitigate biases stem-
ming from unrepresentative or skewed datasets [95]. 
Encouraging diverse, multicenter collaborations for data 
collection can enhance inclusivity and reduce dispari-
ties in ML outcomes [96]. Additionally, implementing 
XAI methodologies will foster trust and accountability 
in clinical applications [94]. Therefore, implementing 
ML algorithms in clinical practice is a complex process 
that necessitates a comprehensive regulatory frame-
work for their research, development, and adoption in 
medicine [86]. These limitations underscore the need for 
more robust, interpretable, and dynamic predictive mod-
els to improve the prediction of HF prognosis in clinical 
practice.

Limitations
Our study, while comprehensive, has several limitations 
that should be acknowledged. Firstly, the reliance on ret-
rospective data in many of the included studies intro-
duces potential biases, as these datasets may not fully 
capture the dynamic nature of HF progression. Future 
research should prioritize prospective designs and lon-
gitudinal data to enhance model validity and generaliz-
ability. Furthermore, HF is a dynamic chronic condition 
characterized by periods of exacerbation and relative sta-
bility. This non-linear progression complicates risk pre-
diction, as symptom exacerbation may not solely indicate 
disease progression but can also be influenced by social 
and economic determinants of health. Factors such as 
socioeconomic status have been shown to significantly 
impact readmission and mortality rates in HF patients, 
adding complexity to predictive modeling in this popula-
tion [97].

Additionally, the heterogeneity in study designs, 
patient populations, and machine learning models com-
plicates the generalizability of our findings. The hetero-
geneity of the data included in our meta-analysis reflects 
the inherent variability in study designs, patient popula-
tions, and predictive variables across the selected stud-
ies. Such diversity can introduce potential biases and 
impact the generalizability of the findings. Differences 

in study methodologies, such as variations in inclusion 
criteria, sample sizes, and follow-up periods, contribute 
to inconsistencies in reported outcomes. Furthermore, 
the use of distinct machine learning algorithms and pre-
dictors, ranging from clinical variables to imaging and 
laboratory data, increases the variability in model per-
formance. This heterogeneity was quantified using the 
I² statistic, which highlighted substantial variability in 
some analyses, necessitating the use of a random-effects 
model to account for inter-study differences. Addressing 
these disparities is crucial for improving the robustness 
and applicability of meta-analytic conclusions. Further-
more, the variability in the reporting of predictive vari-
ables and outcomes across studies posed challenges in 
data extraction and pooling, which may affect the robust-
ness of our meta-analysis. Additionally, specific variables 
incorporated within the models were not systematically 
reviewed, which may influence the interpretability and 
generalizability of the findings. Future studies should 
focus on a detailed evaluation of the predictors used in 
these models to identify key variables driving perfor-
mance and to ensure alignment with clinical priorities. 
While we focused on AUC as the primary outcome mea-
sure, other important metrics such as sensitivity, speci-
ficity, and clinical utility were not extensively analyzed, 
which could provide a more holistic view of model per-
formance. Importantly, we did not assess the individual 
contributions of variables within the models in our 
meta-analysis, which limits our understanding of the 
specific factors driving model predictions. These limita-
tions highlight the need for standardized methodologies 
and prospective validation to enhance the reliability and 
applicability of machine learning models in HF prognosis.

Conclusions
In conclusion, the current systematic review highlights 
the substantial potential of ML models in predict-
ing readmission and mortality outcomes in HF. These 
findings underscore the promise of ML algorithms in 
enhancing prognostic accuracy, leading to more person-
alized and effective patient management strategies in HF. 
Despite this promise, challenges such as model inter-
pretability, generalizability, and integration into clinical 
practice remain. Addressing these issues requires a com-
prehensive regulatory framework and continued refine-
ment of ML techniques to fully harness their potential in 
improving HF prognosis and patient outcomes.
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