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Abstract

Purpose: This study aims to develop and evaluate machine learning (ML) models to predict the likelihood of hospital readmission within
30 days after discharge for patients with heart failure (HF). The goal is to compare the predictive accuracy of ML models with traditional
methods such as those based on Cox proportional hazards and logistic regression, to improve clinical outcomes and reduce hospital
costs.

Methods: We conducted a prospective cohort study of patients discharged from five hospitals following admission for HF. Data were
collected on variables including sociodemographic characteristics, medical history, admission details, patient-reported outcomes, and
clinical parameters. ML techniques were employed to analyse the data and predict readmission risk, incorporating strategies to handle
class imbalance and missing data. Model performance was assessed based on accuracy, sensitivity, specificity, area under the receiver
operating characteristic curve (AUC), and F1 score.

Results: Ensemble methods with Synthetic Minority Over-sampling Technique balancing and bagging improved the predictive
performance of ML models compared with traditional models. The best-performing ensemble model, using decision trees, Gaussian
Naive Bayes, and neural networks, achieved an AUC of 0.81. In contrast, Cox and logistic regression models showed significantly poorer
performance (AUC of 0.58 and 0.50, respectively). SHapley Additive exPlanations analysis revealed that frailty, anxiety, and depression
were critical in predicting readmission.

Conclusion: ML models, particularly those using ensemble methods, significantly outperform traditional models in predicting short-
term readmission for patients with HF. These findings highlight the potential of ML to improve clinical decision-making and resource
allocation in HF management.

Key messages:
What is already known on this topic?

¢ Traditional models like Cox regression and logistic regression have limited accuracy in predicting 30-day readmissions for AHF
patients. ML shows potential but lacks clinical validation.

What this study adds?

e Ensemble ML models (decision trees, Naive Bayes, and neural networks) achieved superior prediction accuracy (AUC 0.81) over
Cox (0.58) and logistic regression (0.50). SHAP analysis identified frailty, anxiety, and depression as key predictors.

How this study might affect research, practice, or policy?

¢ ML models can improve early risk stratification, enabling targeted interventions to reduce readmissions and optimize healthcare
resources. Integration into clinical workflows could enhance decision-making and policy development.
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Introduction

Acute heart failure (AHF) is a serious medical condition that often
requires hospitalization. Further, even after receiving treatment
and being discharged, many patients are readmitted to hospital
within a short time due to the recurrence of symptoms or related
complications, so-called post-discharge syndrome [1].

The readmission index is a quantitative measure indicating
the percentage of AHF patients who are rehospitalized within a
specific period, most commonly within 30 days after discharge. It
serves as a key indicator of healthcare quality, disease progres-
sion, and patient prognosis. High readmission rates are linked to
poorer long-term outcomes, including increased mortality, and
often reflect clinical instability or inadequate care. As such, the
readmission index is widely used to assess hospital performance,
guide quality improvement efforts, and shape reimbursement
policies [2]. Reducing readmissions is a major goal in heart failure
(HF) management, as it improves patient outcomes and lowers
healthcare costs.

As the population ages, the prevalence of HF increases, as does
the incidence of readmissions. In Spain, Bonilla-Palomas et al.
[3] measured the incidence of HF hospitalization in 2021 and
showed an increase of 61% from 2003 to 2015, mainly in the
elderly. In patients older than 75 years of age, there is a 40%
chance of being readmitted in the next year after an acute episode
of HF [4].

Hospitalization has consequences for the patient and the
health care system. In terms of health outcomes, readmissions are
associated with thromboembolic events and short- and long-term
mortality [5]. The economic costs associated with HF decreased
over time since diagnosis, but remain significant in part due to
survival bias. Escobar et al. [6] showed that hospital admissions
accounted for 63.3% of HF-related costs and 38.2% in the fourth
year, with HF being the first cause of admission in Spain.

Post-discharge syndrome refers to a critical period of vulner-
ability after discharge and requires a multifaceted and coordi-
nated approach to reduce readmissions and improve outcomes
in patients with HF. Risk stratification tools have been developed
to improve resource allocation by prioritizing high-risk cases.
However, current prediction models are inaccurate, partly due to
the heterogeneity of the data collected and the lack of external
validation in different populations [7].

Artificial intelligence (Al) refers to the capability of computa-
tional systems to perform tasks typically associated with human
intelligence, such as learning, reasoning, problem-solving, percep-
tion, and decision-making. Machine learning (ML), a subset of Al,
involves the development of algorithms that enable computers to
learn from data and make predictions or decisions without being
explicitly programmed for each task. [8]

In 2016, Mortarazi et al. [9] reported that ML methods improved
on the prediction of readmission after hospitalization for HF
obtained using logistic regression and provided the greatest pre-
dictive range for observed readmission rates. Suliman et al. [10] are
currently performing a systematic review on the predictive perfor-
mance of ML compared with statistical methods in time-to-event
analysis of cardiovascular disease (CVD). In recent years, ML has
emerged as a transformative tool for predicting CVD, leveraging
advanced algorithms to analyse complex health data. Techniques
such as deep learning have demonstrated superior performance
in identifying risk factors and classifying patient health states
from datasets, improving early detection and treatment outcomes
[11, 12]. Various studies highlight the potential of ML methods
like support vector machines, random forest, and decision

trees, which have shown promising accuracy in predicting heart
disease [13, 14]. Overall, the integration of ML into cardiovascular
medicine not only enhances diagnostic precision but also opti-
mizes patient management and resource utilization in healthcare
systems [12, 15]. Historically, the incidence of readmission has
been very difficult to model and there is great hope that ML
may improve on the predictive performance of Cox and logistic
regression models [16].

This study aims to use ML techniques to predict the likelihood
of a patient with AHF being readmitted to hospital within 1 month
of their initial admission and to compare these techniques with
Cox proportional hazards and logistic regression models. Early
readmission risk prediction could enable preventive interven-
tions, thereby improving clinical outcomes and reducing hospital
costs.

Methods

Design

The data collection process was conducted as part of the Predic-
tive Models of Readmission in Heart Failure-REIC study (Clinical-
Trials.gov NCT03300791), a prospective cohort study. This is a non-
probabilistic convenience sample of patients recruited consecu-
tively in each participating centre for 12 effective months.

Participants

Patients with HF discharged from five participating hospitals
after admission for acute decompensated heart failure (ADHF)
were recruited and followed up for 1 year. The study included
patients over 18 years of age admitted for AHF syndrome, which
encompasses both acute (de novo) HF and acute decompensated
HF. This category includes patients with previously diagnosed HF
who experienced a progressive or rapid worsening of signs and
symptoms requiring urgent intervention (ICD-9-CM codes: 428.x;
and some from 402.x). Patients were excluded if they experienced
an episode of ADHF during admission for another reason, were
transferred from other hospitals, had had myocardial infarction
or stroke within 4 weeks before admission, and/or had a life
expectancy of <1 year, as well as if they were unable to complete
questionnaires due to sensory impairment, dementia, or language
barriers. Patients with missing follow-up data were excluded from
the final analysis.

Trained interviewers used a standardized guide for interview-
ing patients and were directly supervised by clinical researchers.
The interviews were conducted just before patients left the hos-
pital. After discharge, patients were interviewed by telephone the
day after the index emergency department (ED) visit and 7 days
later. Clinical records were reviewed up to 2 months after the ED
visit.

Outcome

The primary outcome measured was whether readmission
occurred within 30 days after hospital discharge.

Predictors
Data were collected at discharge on the following variables:

¢ Sociodemographic characteristics: age, sex, and ethnicity.

e Medical history: ‘De novo’ or chronic decompensated HF;
time since diagnosis; cardiovascular risk factors; aetiology;
previous echocardiographic parameters; number of previous
admissions and ED visits; baseline functional status (New
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York Heart Association [NYHA] class); comorbidities; previ-
ous treatments and procedures; and previous vaccinations
(pneumococcus, influenza).

Admission details: precipitating factors; symptoms; signs;
ancillary test results; treatments and procedures; func-
tional status at discharge (NYHA class); decompensated
comorbidities and any other cardiac complications: acute
myocardial infarction, ventricular fibrillation, cardiogenic
shock, or cardiac arrest; other complications: renal, hepatic,
and/or thromboembolic conditions, stroke, nosocomial
infection, adverse effects or drug interactions; and length
of stay.

Patient-reported outcome measures:

Dyspnoea at discharge was measured on a Likert scale rang-
ing from ‘absent’ to ‘the worst possible’ and an analogue
visual scale ranging from 0 (no dyspnoea) to 10 (the worst
dyspnoea imaginable) [17].

Minnesota Living with Heart Failure Questionnaire (MLHFQ):
this questionnaire assesses the perceived impact of HF and its
treatment on patients’ lives. It consists of 21 items covering
the physical, psychological, and social limitations associated
with HF. Each itemis rated on a scale ranging from zero (not at
all) to five (very much). The total MLHFQ score is obtained by
summing the scores for all 21 items (range: 0-105); the higher
the score, the poorer the health-related quality of life. Scores
can also be calculated for physical and emotional dimensions
(based on eight and five items respectively). The MLHFQ has
been validated for use in Spain [18].

Barthel Index: the Barthel Index is a scale used to measure
a person’s level of disability in performing daily activities
such as feeding, bathing, grooming, dressing, and mobility.
It consists of 10 items rated based on how much assistance
the person needs for each activity. While the scale typically
uses scores of 0, 5, 10, and 15 for each item, some activities
are rated with response options of only 0 or 5; or 0, 5 or 10.
Item scores are summed to give a total score that ranges from
0 (complete dependence) to 100 (complete independence),
with different levels of dependence categorized as severe (0-
50), moderate (51-75), or mild independence (76-100). This
method has been widely used in similar research to assess
disability [19].

Tilburg Frailty Indicator (TFI): this indicator is composed of
two parts. The first part (Part A) describes various determi-
nants of frailty based on sociodemographic characteristics
and health-related issues. The second part (Part B) contains
15 items that measure three frailty domains: physical (eight
items), psychological (four items) and social (three items). The
response options are yes/no/sometimes for four items, and
yes/no for the others. All items are then dichotomized into 0
(present) or 1 (absent). As well as a total score, domain scores
are calculated for Part B. Scores are obtained by summing the
scores on the corresponding items. A total score > 5 points
indicates frailty. [20, 21]

Pre-episode mood was measured by the Hospital Anxiety
and Depression Scale (HADS), which is a self-administered
questionnaire consisting of two seven-item subscales, one
for anxiety and one for depression. The items of the anxiety
subscale were selected based on the analysis of the Hamilton
Rating Scale for Anxiety, avoiding the inclusion of physical
symptoms that could be confused by patients with symptoms
of their physical illness. The items of the depression subscale
focus on the area of anhedonia. [22]

Sample size

The sample size was determined using the rule of thumb of 10-
20 outcome events per predictor variable in multivariable models.
Assuming a 15% 30-day readmission rate across four centres over
12 months, ~1100 patients (660 in the development cohort and
440 in the validation cohort) are expected to be enrolled, yield-
ing over 100 readmission events in the development sample—
thereby exceeding the minimum requirement for reliable estima-
tion. Additionally, Haoging Wang et al.’s [23] recommendation that
a sample of 250 patients offers a good balance between model
performance and data collection cost was taken into account.

Statistical analysis
Descriptive statistics

Only quantitative data were analysed in this study. First, descrip-
tive statistics were generated and calculated: frequency tables
were used for categorical variables, and means with standard
deviations were reported for continuous variables. To compare
sociodemographic characteristics, HF history, and questionnaire
responses between cases and controls at different time points, we
used the Chi-square test or Fisher exact test for categorical data,
as appropriate. For continuous variables, normality was assessed
using the Shapiro-Wilk test and homogeneity of variances with
Levene test. When data were normally distributed and variances
were homogeneous, comparisons were performed using Student
t-test; if these assumptions were violated, the non-parametric
Wilcoxon rank-sum test was applied. A P-value < .05 was con-
sidered statistically significant.

Preprocessing

Missing data Two approaches were used to address the missing
values in the dataset collected for this study. In the first approach,
we used ML models capable of handling missing values directly,
without prior imputation. In the second approach, we imputed
missing values using three different methods, namely, global
constant (0), mean, and median, and then applied a broader set of
models. The algorithms used are detailed in Supplementary mate-
rial 1 (see Additional file 1).

Outliers Extreme or outlier values in the dataset were iden-
tified using both visual and statistical methods. Initially, box
plots and histograms were constructed to visually inspect the
distribution of each continuous variable and highlight potential
outliers. Once identified, outliers were carefully reviewed. If an
outlier was due to a data entry error or was not plausible based on
clinical or experimental context, it was excluded from the analy-
sis. Otherwise, if the value was plausible but extreme, sensitivity
analyses were conducted both including and excluding these data
points to assess their impact on the results.

Data scaling To avoid introducing bias in certain ML models,
particularly those sensitive to feature scale, data preprocessing
included standardization using a Standard Scaler.

Class imbalance

There was substantial imbalance in the dataset, with 84% of
patients not being readmitted versus only 16% being readmitted.
This imbalance could bias predictive models towards the majority
class, diminishing their ability to correctly identify patients at
risk of readmission. To mitigate class imbalance, we applied three
methods: Synthetic Minority Over-sampling Technique (SMOTE),
balanced subsampling during training, and class weight balancing
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in models that allow this type of adjustment. SMOTE gener-
ates synthetic minority class samples by interpolating between
existing instances, enhancing the representation of the minority
class. Balanced subsampling reduces the number of majority
class samples to match the minority class, preventing model bias
towards the majority class. Class weight balancing assigns higher
weights to the minority class during training, penalizing misclas-
sifications more heavily and improving model sensitivity to the
minority class. Further details on these techniques are provided
in Supplementary material 1 (see Additional file 1). It was decided
to impute missing values and apply class imbalance management
techniques, such as SMOTE, subsampling and weight balancing,
to improve the detection of the minority class and, consequently,
the model’s overall performance in terms of F1 score.

Feature selection

The feature selection process was carried out in several stages.
Initially, all available features were included to train the differ-
ent ML models. Once the best-performing model was identified,
SHapley Additive exPlanations (SHAP) values were used to rank
the top 50 most influential features based on their contribution to
the model’s predictions. And, to ensure the model’s applicability
in real-world settings, these 50 features were reviewed in collabo-
ration with two clinicians highly experienced in HF, who provided
valuable input on the clinical relevance and practicality of these
variables. Specifically, the clinicians assessed each variable for its
importance and the feasibility of measuring it in routine medical
practice. Their expertise was crucial in identifying which features
would be realistic and beneficial to use in a real-world clinical
environment. From this detailed evaluation, a refined subset of
key features was selected.

Model output

The algorithms included in the bagging process were selected
based on their performance in terms of sensitivity and specificity
during the phase of applying various class imbalance handling
methods. Only those algorithms that demonstrated strong per-
formance in either sensitivity or specificity, without neglecting
the other, were chosen for inclusion in the bagging ensemble.
The aim was to balance these two metrics effectively, leveraging
the power of bagging and soft voting to combine the strengths
of each algorithm and enhance overall model performance. Next,
the bagging process implemented in the study is described:

1. Data partitioning: initial dataset D is bifurcated into training
(Dtrain) and testing (Dtest) subsets.

2. Training data balancing: subsampling is applied to Dtrain to
generate n balanced training sets (T1, T2,..., Tn), ensuring
equal representation of majority and minority classes.

3. Ensemble model training: each balanced set Ti serves as
training data for m distinct ML models, resulting in nxm
trained models. For each of these models, Grid Search was
employed to optimize hyperparameters, ensuring optimal
performance for each configuration. [24]

4. Prediction: the trained models generate predictions on Dtest,
which is subjected to balancing procedures similar to those
applied to the training data.

5. Ensemble decision-making: predictions are aggregated
through two alternative voting mechanisms:

Hard voting: prediction of the likelihood of readmission
within 30 days based on the majority vote.

e Soft voting: prediction of the likelihood of readmission
within 30 days based on mean probability distributions.

Supplementary material Figure 2 visually represents the bag-
ging and ensemble methods used in the final model to predict
hospital readmission in patients with AHF. Supplementary mate-
rial 1 explains the model output process (see Additional file 1).

Model evaluation

The performance and validity of the model were assessed using
a separate test set that was not seen by the model at any stage
during training. This ensured an unbiased evaluation of its gener-
alization capacity. Several performance metrics were calculated
on the test set, including accuracy, ROC AUC, sensitivity, speci-
ficity, and F1 score, providing a comprehensive overview of clas-
sification performance. Further details on the metric definitions
can be found in Supplementary material 1: Model Evaluation (see
Additional file 1).

For the final selected model, calibration was also evaluated to
assess how well predicted probabilities reflected actual outcomes.
This was done both graphically, using a calibration plot, and
quantitatively, through the Brier score, which measures the mean
squared difference between predicted probabilities and the actual
outcomes. Lower Brier scores indicate better calibrated probability
estimates.

Model explainability

In the same way that SHAP values were used for feature selection,
SHAP values were also used to interpret the predictive model,
identifying the variables most influential in predicting readmis-
sion risk, such as patient quality of life, social support, treatment
adherence, and other comorbidities. SHAP values broke down the
individual impact of each variable on the predictions, providing
a quantitative explanation of their contribution to the model
results. More details on the metrics for assessing the model and
the methodology for interpreting the model can be found in
Supplementary material 1 (see Additional file 1).

SHAP values provide insights into how each feature contributes
to the model’s predictions, thereby allowing a deeper understand-
ing of the ensemble’s decision-making process. Feature values are
indicated by a spectrum with blue representing the lowest value
and red the highest. A positive SHAP value represents an increase
in the risk of readmission.

Software and libraries

Statistical analyses were performed using SAS for Windows,
version 9.4 (SAS Institute, Cary, NC, USA). The remaining analyses
were conducted using Python within a virtual environment
configured for the project. The core ML tasks were implemented
using scikit-learn (version 1.0.2). To address class imbalance in
the dataset, the imbalanced-learn library (version 0.8.1) was
employed. For time-to-event prediction and survival analysis,
scikit-survival (version 0.17.2) was used. Additionally, XGBoost
(version 1.6.2) was included for gradient boosting-based models.
All packages were installed and managed in a local virtual
environment, and dependencies such as NumPy, SciPy, and joblib
were also utilized as required by the main libraries.

Results

Participants

Atotal of 1092 patients were recruited at the index admission; 96%
of them were included in the analysis, with 843 patients assigned
to the training cohort and 210 to the test cohort. Of the total
sample, 15% of patients were readmitted during the follow-up
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Patients with AHF recruited
at index admission
(N=1092)

Patients excluded (N=39)
- In-hospital death

Patients included in the
study
(N=1053)

A
{ 1

Training Cohort (N=843) Test Cohort (N=210)
Readmitted: 134 Readmitted: 33
Non-readmitted: 709 Non-readmitted: 177

Figure 1 Flow chart of the data

period, 134 from the training cohort and 33 from the test cohort.
(See Fig. 1)

There were slight statistically significant differences between
the cohorts, but differences in the percentages of patients with
mild chronic obstructive pulmonary disease and those admitted
to the intensive care unit (ICU) were not clinically important.
Table 1 presents a comparative descriptive analysis between the
training and test sets, both overall and stratified by 30-day read-
mission status, including corresponding P-values.

Class imbalance

Different data balancing techniques influence model perfor-
mance in predicting 30-day readmissions. Subsampling methods,
particularly Subsample I and II, achieve the highest F1 scores,
while SMOTE and Weight Balance perform worse. The variability
in scores across techniques highlights the importance of selecting
an appropriate balancing method. (See Supplementary Figure S1.)
The superior performance of subsampling methods may be due
to the presence of patients whose readmission risk is easier to
predict.

ML modelling

Table 2 compares the performance of different ensemble models
that use hard and soft voting techniques for predicting hospital
readmission in patients with AHF. The model with the best pre-
dictive ability was 5 Decision Tree +5 Gaussian Naive Bayes +5
Neural Network, with an AUC (95% CI) of 0.81 (0.73-0.88). The
commonly used models yielded the following results: an AUC of
0.58 (0.47, 0.69), F1 score of 0.27, sensitivity of 0.41 and specificity
of 0.72 with the Cox regression model; and an AUC of 0.50 (0.41-
0.61), F1 score of 0.18, sensitivity of 0.31, and specificity of 0.62
with the logistic regression model.

Model applicability

SHAP values of the 50 main variables of the best initial model are
shown in Figure S3 (see Additional file 1). The clinicians selected
32 of these, and as can be seen in the AUC values plotted in Fig. 2,
the performance of some models decreases slightly when using
this refined subset of features; however, it still outperforms both
the Cox and logistic regression models. The best model achieved
an AUC of 0.70 (0.61-0.80) and a Brier score of 0.24 (see Fig. 3 for
the calibration plot).
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(AUC = 0.43 (IC95% 0.34-0.53))
Logistic Regression
(AUC = 0.51 (IC95% 0.49-0.55))
n=3, DT=False, NB=False
(AUC = 0.63 (IC95% 0.53-0.72))
n=5, DT=False, NB=False
(AUC = 0.62 (IC95% 0.53-0.71))
n=10, DT=False, NB=False
(AUC = 0.70 (IC95% 0.60-0.79))
n=s, DT=True, NB=False
(AUC = 0.62 (IC95% 0.52-0.71))
n=3, DT=True, NB=False
(AUC = 0.62 (IC95% 0.51-0.72))
n=3, DT=True, NB=True
T (AUC = 0.60 (IC95% 0.48-0.70))
n=0, DT=True, NB=True
(AUC = 0.59 (IC95% 0.46-0.69))

02 04 06 08 10
False Positive Rate

Figure 3 Calibration plot of the final selected model

Figure 4 shows the SHAP values of the features selected by
the clinical collaborators. In these plots, each point represents
a SHAP value for a single prediction; the position on the x-axis
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Table 1. Comparative descriptive analysis between the training and test sets, overall and by 30-day readmission status.

Variables TRAIN DATASET P-value TEST DATASET P-value P-value

Total No Yes Total No Yes

(N=843) (N=709) (N=134) (N=210) (N=177) (N=33)
Sex (Female) 398 (47.2) 334 (47.1) 64 (47.8) 0.8896 86 (41.0) 72 (40.7) 14 (42.4) 0.8514  0.1034
Age 78.2+£243 78.0 £26.1 79.2 £10.0 0.1378 77.1+£11.8 769+ 12.4 787 +£7.7 0.7703 0.3527
Known heart failure (HF) 385 (45.7) 327 (46.1) 58 (43.3) 0.5453 84 (40.0) 79 (44.6) 5(15.2) 0.0015  0.1391
Years of evolution of HF 0.0 (0.0-3.0) 0.0(0.0-3.0) 0.0(0.0-3.0) 04582  0.0(0.0-3.0) 0.0(0.0-3.0) 3.0(1.0-4.0) 0.0018  0.1521
Cardiovascular risk factors 10 (1.2) 10 (1.4) 0 (0.0) 0.1667 2 (1.0) 2(1.1) 0 (0.0) 0.5395 0.751
Obesity 245 (29.1) 208 (29.3) 37 (27.6) 0.6867  70(33.3) 57 (32.2) 13 (39.4) 0.4211  0.2266
Smoking 0.4745 0.3003 0.0602
Never smoker 535 (63.5) 455 (64.2) 80 (59.7) 115 (54.8) 101 (57.1) 14 (42.4)
Ex smoker 234 (27.8) 191 (26.9) 43 (32.1) 70 (33.3) 56 (31.6) 14 (42.4)
Smoker 74 (8.8) 63 (8.9) 11 (8.2) 25 (11.9) 20 (11.3) 5 (15.2)
History of alcoholism 87 (10.3) 74 (10.4) 13 (9.7) 0.7974  25(11.9) 19 (10.7) 6 (18.2) 0.2252  0.5052
Disliperia 442 (52.4) 366 (51.6) 76 (56.7) 0.2788 109 (51.9) 84 (47.5) 25 (75.8) 0.0028  0.8912
Arterial blood pressure 689 (81.7) 578 (81.5) 111 (82.8) 0.7184 167 (79.5) 136 (76.8) 31(93.9) 0.0254  0.4629
Hyperuricemia 114 (13.5) 90 (12.7) 24 (17.9) 0.1054 27 (12.9) 19 (10.7) 8 (24.2) 00333 07998
Anaemia 177 (21.0) 141 (19.9) 36 (26.9) 0.0689 46 (21.9) 36 (20.3) 10 (30.3) 0.2039  0.7731
Previous echocardio-graphic ~ 648 (76.9) 536 (75.6) 112 (83.6) 0.0445 167 (79.5) 134 (75.7) 33 (100) 0.0015  0.4104
parameters
Ischemic disease 37 (4.4) 31 (4.4) 6 (4.5) 0.9565 9 (4.3) (4.0) 2(6.1) 0.5835  0.9477
Angina 86 (10.2) 70 (9.9) 16 (11.9) 0.4684 17 (8.1) 14 (7.9) 3(9.1) 0.8193  0.3579
Arrhythmia 440 (52.2) 369 (52.0) 1(53.0) 0.8417 114 (54.3) (52.0) 22 (66.7) 01199 05871
Valve disease 238 (28.2) 198 (27.9) 0 (29.9) 0.6500 60 (28.6) 9(27.7) 11 (33.3) 0.5095 0.9223
Congestive HF 345 (40.9) 283 (39.9) 2 (46.3) 0.1702 88 (41.9) 66 (37.3) 22 (66.7) 0.0017  0.7963
Cerebrovascular disease 150 (17.8) 122 (17.2) 28 (20.9) 0.3060 27 (12.9) 1(11.9) 6(18.2) 0.3196 0.0870
Peripheral vascular disease 114 (13.5) 90 (12.7) 4 (17.9) 0.1054  26(12.4) 1(11.9) 5(15.2) 0.5986 0.6627
Arterial blood pressure 665 (78.9) 556 (78.4) 109 (81.3) 0.4471 160 (76.2) 130 (73.4) 30 (90.9) 0.0306 0.3963
Diabetes Mellitus (DM) 289 (34.3) 245 (34.6) 4 (32.8) 0.7005 63 (30.0) 3(29.9) 10 (30.3) 0.9670  0.2392
Mild chronic pulmonary 89 (10.6) 67 (9.4) 2 (16.4) 0.0161  33(15.7) 5(14.1) 8(24.2) 0.1426  0.0367
Moderate-severe chronic 108 (12.8) 90 (12.7) 8 (13.4) 0.8144 3(11.0) (10.2) 5(15.2) 0.4002  0.4652
pulmonary
Mild kidney failure 60 (7.1) 53 (7.5) 7(5.2) 03526 13 (6.2) 10 (5.6) 3(9.1) 04514  0.6361
Moderate or severe kidney 70 (8.3 61 (8.6 0.4678 18 (8.6 14 (7.9) 4(12.1) 0.4275  0.9002
failure
Nurse mild hepatic 23(2.7) 18 (2.5) 5(3.7) 0.4371  8(3.8) 7 (4.0) 1(3.0) 0.7990  0.4069
Nurse moderate or severe 15 (1.8) 13 (1.8) 2(1.5) 0.7842 3(1.4) 1(0.6) 1) 0.0146 0.7257
hepatic
Tumour 83 (9.8) 70 (9.9) 13 (9.7) 0.9513 19 (9.0) 16 (9.0) 3(9.1) 0.9925  0.7264
Lymphoma 7(0.8) 5(0.7) 2(1.5) 03570 0(0.0) 0(0.0) 0(0.0) - 0.1852
Leukaemia 10 (1.2) 9(1.3) 1(0.7) 0.6080 2 (1.0) 2 (1.1) 0(0.0) 0.5395  0.7751
Metastatic cancer 6(0.7) 5(0.7) 1(0.7) 0.9587  3(1.4) 3(1.7) 0(0.0) 0.4513  0.3127
Admission days 6.0 (4.0-9.0) 6.0 (4.0-9.0) 5.0(3.0-8.0) 0.0455 6.5 (4.0-10.0) 6.0 (4.0-10.0) 7.0 (4.0-9.0) 07292  0.0047
Admission to ICU 9(1.1) 8 (1.1) 1(0.7) 06931  8(3.8) 6(3.4) 2(6.1) 04618  0.0048
Minnesota score 58.5+26.2 58.2+26.0 60.1+27.2 0.4467 59.9+ 259 58.6 £ 25.7 67.2+£26.1 0.0710 0.5070
Barthel score 61.6 £39.4 62.0 £39.3 59.1 £40.0 0.3410 65.5+37.9 67.9+37.2 52.9+39.8 0.0113 0.1902
Tilburg score 73+3.1 71432 7.8+3.0 0.0297 73+£28 70+£29 85+23 0.0061 0.7293
HAD-depression score 9.8+4.2 9.9+43 9.4+40 0.1613 9.7 +43 9.7+43 10.0+ 4.0 0.9913  0.8151
HAD-anxiety score 104+ 45 105+ 45 9.8+ 4.4 0.1317 102+ 45 102+ 4.6 10.1+£3.9 0.7355 0.4895

indicates the impact of the feature on the model output: positive
values push the prediction towards readmission, while negative
values push it towards non-readmission. The colour represents
the feature value, with high values in pink and low values in
blue. Features are ordered vertically from most important at the
top to least important at the bottom. As can be seen, glomerular
filtration rate is the most important feature for the prediction
of readmission in the final model, and lower levels indicate a
higher probability of readmission. Higher baseline depression
values decrease the likelihood that the model predicts patient
readmission. This feature has a mixed impact, with some values
having a negative effect and others having a positive effect on

the model output. On the other hand, variables from tricuspid
regurgitation velocity to the end are associated with a minor
improvement in the model’s predictions, but these features do not
have a strong influence on the overall model output compared
with some of the other variables shown.

Discussion

We developed and internally validated an ML-based model that
achieves excellent discriminative power. To our knowledge, this
performance has not been achieved with classical predictive
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Table 2. Performance of different ensemble models before feature selection.
Accuracy ROC AUC Sensitivity Specificity F1 Score
(mean + SD) (mean + SD) (mean + SD) (mean + SD) (mean + SD)
CoX 0.67 £0.03 0.58 £ 0.06 95% CI: 0.41+£0.09 0.72+£0.03 0.27 £0.06
(0.47,0.69)
Logistic Regression 0.57 £0.03 0.50 £ 0.05
95% CI: (0.41, 0.61) 0.31+£0.08 0.62 +£0.04 0.18 £ 0.05
Hard Voting Accuracy ROC AUC Sensitivity Specificity F1 Score
(mean + SD) (mean + SD) (mean + SD) (mean + SD) (mean + SD)
3 DecisionTree + 3 GaussianNB 0.72 £0.05 0.73 £ 0.05 95% CI: 0.90 £ 0.08 0.56 £0.13 0.76 £ 0.04
(0.63,0.83)
5 DecisionTree + 5 GaussianNB 0.74 £ 0.06 0.74 £ 0.06 95% CI: 0.90 £0.08 0.58 £0.14 0.77 £0.04
(0.62,0.86)
10 DecisionTree + 10 GaussianNB 0.79 £ 0.04 0.79 £ 0.04 95% CIL: 0.91+£0.06 0.67 £0.10 0.81+£0.03
(0.71,0.87)
5 DecisionTree + 5 GaussianNB + 5 NeuralNetwork 0.79 £ 0.05 0.80 £ 0.05 95% CI: 0.93 £ 0.03 0.66 &+ 0.10 0.82 £ 0.03
(0.70,0.90)
Soft Voting Accuracy ROC AUC Sensitivity Specificity F1 Score
(mean =+ SD) (mean =+ SD) (mean =+ SD) (mean =+ SD) (mean =+ SD)
3 DecisionTree + 3 GaussianNB 0.76 £ 0.05 0.76 £ 0.05 95% CI: 0.84 +0.10 0.68 +£0.11 0.77 £ 0.05
(0.66,0.86)
5 DecisionTree + 5 GaussianNB 0.77 £ 0.05 0.77 £0.0595% CI:  0.85+0.11 0.70 £0.11 0.78 £+ 0.05
(0.67,0.87)
10 DecisionTree + 10 GaussianNB 0.79 £ 0.04 0.79 £ 0.04 95% CIL: 0.89 £+ 0.07 0.70 +£0.10 0.81 £+ 0.03
(0.71,0.87)
5 DecisionTree + 5 GaussianNB + 5 NeuralNetwork 0.81 £ 0.04 0.81 £ 0.04 95% CI: 0.93 +0.03 0.69 £ 0.09 0.83 £ 0.03
(0.73,0.89)

SD, standard deviation; NB, Naive Bayes; CI, confidence interval.

Observed

0.4

0.2

0.0

0.0 0.2 0.4 0.6 0.8 10
Estimated

Figure 4 SHAP values of the final selected model. (The glossary of
variables can be found in Supplementary Material 1 (see Additional file 1))

models. The delay in the implementation of ML models in
electronic health records and the obstacles to their use by
physicians and policymakers in the decision-making process
motivated us to develop other more readily interpretable and
easy-to-use models that achieve good predictive ability.

Our main hypothesis was that patient-reported information
beyond known clinical variables could play a role in the likelihood
of being readmitted in the short term [17]. Mood has been identi-
fied as a key predictor, confirming the findings of Veskovic et al.
[25]. On the other hand, frailty is another key predictor identified
by our model, as recent literature suggests [26].

Except for the subsampling technique, the F1 scores were quite
low for all the techniques, not exceeding 0.2. On the other hand,
the subsamples showed notably higher mean F1 scores, with
subsample II being the best overall performer. The differences
between the subsamples suggest the existence of distinct groups
of non-readmitted patients, some of whom are more easily iden-
tifiable.

Based on the success of the subsampling technique, ensemble
and bagging methods have been applied to further improve the
results. By using bagging with multiple balanced subsets, this
approach trains numerous models on diverse, balanced samples,
mitigating class imbalance by ensuring equal representation of
each class in every subset. Bagging reduces bias by averaging pre-
dictions across the models, increasing the likelihood that minority
class patterns are captured. The ensemble method, which com-
bines predictions through majority voting, enhances performance
on imbalanced data by integrating outputs from a variety of
balanced subsamples, resulting in a more robust model that is
less sensitive to class imbalance and better at generalizing across
classes.

The table displaying the performance of the different ensemble
methods compares hard voting with soft voting, highlighting that
soft voting achieves higher specificity and overall improved per-
formance metrics. Its ability to accurately identify true negatives
while maintaining high sensitivity and other key metrics makes it
particularly effective in contexts where minimizing false positives
is crucial.

When only the subset of key features is used, after removing
96% of the original variables, the best model achieves an AUC of
0.70. This corresponds to a 13.6% decrease compared with the
AUC of 0.81 obtained using the full feature set, but the drop
is not substantial considering the significant reduction in input
complexity. This finding demonstrates that the subset selected by
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the clinicians retains much of the model’s predictive ability while
being more practical for real-world applications.

In addition, the results show that the new ensemble method-
ology with subsampling outperforms traditional models, such
as those based on Cox and logistic regression. This approach
improved the sensitivity and specificity metrics and handled
class imbalance more effectively. Though more computationally
intensive, the ensemble model showed superior performance in
terms of the AUC and overall predictive ability. This methodology
offers better results in scenarios with unbalanced classes than do
traditional models.

SHAP values are the way we show the interpretability of the
ML model. In order to reduce confusion and dependency between
variables, two clinical collaborators decided, based on the whole
model, which variables could have a clinical interpretation. In
relation to this, it is important to note that SHAP values should
not be interpreted as in regression models, where weights are
assigned to each variable, and reflect the magnitude and direction
of risk associated with that variable. In ML models, SHAP values
should be interpreted as the influence of each variable on the
model prediction. In particular, high baseline levels of depression
and anxiety appear to be associated with a lower likelihood of
readmission, but the SHAP analysis indicates that higher baseline
depression decreases the model’s prediction, making readmission
less likely, while lower depression increases it, suggesting higher
readmission risk. In fact, in the descriptive statistics table, there
are no clinically significant differences in depression and anxiety
levels when the outcome is present or absent.

Limitations

This study presents several limitations that should be considered
when interpreting the results. First, the response rate among
eligible patients may have introduced selection bias, as those
who responded to the questionnaires had to be in relatively good
health to complete them. This limits the generalizability of the
results to the broader HF population.

One of the most important factors in predicting early read-
mission among HF patients is cognitive impairment, typically
assessed using standardized tools such as the Mini-Mental State
Examination or the Mini-Cog [27-29]. In our study, it was not
possible to adequately evaluate this aspect due to the real-world
clinical context in which the research was conducted. As a result,
a single question from the TFI was used as an indirect measure,
which was not statistically significant. We recommend that future
studies include a formal assessment of cognitive function [30].

Finally, a key limitation of ML-based models is the need for
their outputs to be interpretable in order to support integration
into clinical practice. These models also need to be incorporated
into automated systems such as electronic health records to
maximize their utility. Although they demonstrate acceptable
predictive capacity, often higher than that of traditional regression
models, their real-world impact will only be known once they are
validated and implemented in clinical settings. Additionally, the
ensemble methods used, such as bagging and soft voting, have
their own limitations. Bagging can increase model complexity and
risk overfitting if not properly controlled, while soft voting may
be affected by poorly calibrated models or by assumptions in
methods like Naive Bayes. These considerations should be taken
into account when interpreting the model’s performance. Further
studies are required to explore their clinical applicability and
added value in decision-making.

Conclusion

The ML-based model developed demonstrated strong discrimina-
tive power, outperforming traditional models such as those based
on Cox and logistic regression. Key predictors, including mood
and frailty, were identified as significant factors in predicting
short-term readmission, consistent with findings from previous
studies.

SHAP values were used to enhance the interpretability of the
model, showing the influence of variables like depression and
anxiety on the model’s predictions. Although higher levels of
depression were associated with a lower likelihood of readmis-
sion, no significant clinical differences were found between read-
mitted and non-readmitted patients.

The model’s handling of class imbalance through subsampling
and ensemble methods improved its performance. Additionally,
using a small set of key features maintained much of the model’s
predictive ability, highlighting its potential for real-world applica-
tion.

Despite these promising results, integration into clinical prac-
tice remains a significant challenge. Future research should focus
on external validation using datasets from different populations
and healthcare settings to assess generalizability. Developing a
prospective dataset and testing the model in real-time clinical
workflows will be crucial for evaluating its feasibility and clinical
utility. In addition, incorporating formal cognitive assessments
and structured social determinants of health could help address
some of the data limitations identified in this study. Research into
optimizing model calibration and explainability, particularly in
the context of ensemble methods, will also be essential to sup-
port clinical decision-making and foster trust among healthcare
providers.
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