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Machine learning using 
PROFUND components for 30-
day readmission prediction 
in multimorbid patients: a 
prospective multicentre study
Amaia Pikatza-Huerga1,2, Aitor Almeida1,2, Raúl Quirós2,3, María José Legarreta2,4,5, 
Unai Zulaika1, Daniela Mestre2,5,6 & Susana García-Gutiérrez2,4,5,7

Early hospital readmission in multimorbid patients remains a major clinical challenge. Although risk 
stratification tools are widely used, predictive performance is often limited. The PROFUND index 
captures frailty, functional dependence, and social vulnerability, but its role in predicting 30-day 
readmission is unclear. In this prospective multicentre cohort study, multimorbid patients admitted 
to Internal Medicine and Geriatrics departments were followed after discharge. The primary outcome 
was unplanned 30-day readmission among patients surviving to 30 days. Models based on PROFUND 
components were developed using logistic regression and gradient boosting, including a calibrated 
ensemble model, and compared with LACE and HOSPITAL scores. Performance was assessed in 
an external validation cohort. Among 435 patients included in the readmission analysis, 14% were 
readmitted within 30 days. In external validation, discrimination remained modest (AUC 0.52–0.59). 
The ensemble XGBoost model achieved the highest AUC (0.59), followed by XGBoost (0.58), HOSPITAL 
(0.54), and LACE (0.52). Differences were incremental. SHAP analysis identified cognitive impairment, 
anaemia, advanced age, heart failure severity, functional dependence, and limited caregiver support as 
key contributors. Incorporating frailty, functional, and social vulnerability domains through PROFUND 
components resulted in only modest improvements in 30-day readmission prediction. Even with 
machine learning, discrimination remained limited. The observed performance likely reflects both 
the intrinsic complexity of short-term readmission and the constraints imposed by sample size and 
available predictors.

Multimorbidity, also referred to as multiple chronic conditions (MCC), is a widely used term to describe patients 
with multiple coexisting chronic diseases. In Spain, these patients are often classified as pluripathological 
according to Ollero’s criteria. It affects a significant proportion of adults and increases markedly with age. It 
drives greater use of resources, hospital admissions, and referrals to specialists1. Beyond clinical complexity, the 
social context is also a determining factor; the social determinants of health (SDOH), such as socioeconomic 
status, education, social support and access to effective care, influence disease control, continuity of care and 
the risk of avoidable readmissions2. In a scenario of population ageing, identifying which patients are at risk of 
early readmission and directing care transition interventions towards them is a clinical and economic priority.

The poor performance of readmission models is a significant concern in healthcare, as these models are 
intended to predict which patients are at risk of being readmitted shortly after discharge. Despite numerous 
attempts to enhance predictive accuracy, many readmission models have demonstrated limited effectiveness, 
particularly in external validation settings, often failing to account for critical social and behavioural factors2. 
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Apart from that, many readmission models exhibit poor discriminative ability, indicating limited effectiveness 
in accurately predicting readmissions2,3. Reported discrimination varies widely depending on the population 
and setting, with c-statistics typically ranging from modest values (~ 0.55–0.70) in external validation studies, 
while higher values (up to ~ 0.80) are occasionally reported in development cohorts. Often rely on retrospective 
administrative data, which may not capture the full spectrum of patient health, including social determinants 
and functional status2. The performance of readmission models can degrade over time, necessitating continuous 
training and adjustment to reflect current patient populations and trends4. These limitations suggest that current 
models may not adequately capture the multidimensional vulnerability of multimorbid patients, particularly 
domains related to frailty, functional dependence, and social context, highlighting the need for alternative 
approaches.

Traditionally, prediction models for 30-day readmission in patients with multimorbidity have been based 
on classical statistical approaches, such as logistic regression or Cox models. The LACE index and HOSPITAL 
score are among the most widely used tools for predicting 30-day hospital readmissions in clinical practice. The 
LACE index incorporates length of stay, acuity of admission, comorbidity, and emergency department use, while 
the HOSPITAL score includes laboratory parameters and prior healthcare utilisation. Both have been externally 
validated in multiple populations, although their predictive performance varies considerably depending on 
patient characteristics and healthcare settings. Despite their utility, the predictive accuracy of both indices can 
vary significantly based on patient demographics and clinical settings, suggesting a need for further refinement 
and validation in diverse healthcare environments. The PROFUND index is a predictive tool designed to assess 
mortality risk in polypathological patients, demonstrating strong predictive validity for both short-term and 
long-term outcomes5. In Spain, the PROFUND index is routinely used in selected clinical settings, particularly 
in Internal Medicine, to stratify mortality risk in multimorbid patients. It is calculated using a set of clinical, 
functional, and social variables collected at discharge and has been incorporated into clinical decision-making 
processes in several hospitals.

In recent years, machine learning (ML) techniques have been increasingly applied to readmission prediction, 
offering the potential to capture non-linear relationships and complex interactions between clinical, functional, 
and social variables. The literature in multimorbid populations reflects a maturing field, with tree-based methods 
and neural networks playing central roles, alongside growing attention to interpretability and real-world 
implementation6,7. Importantly, there is increasing recognition that dimensions such as frailty, functional status, 
and social vulnerability can enhance predictive accuracy and support more targeted interventions. Evidence 
across diverse settings—including heart failure, postoperative populations, and geriatric cohorts—consistently 
shows that multidimensional frailty constructs add incremental value beyond traditional comorbidity measures, 
while functional status and social determinants of health further refine risk stratification in older, multimorbid 
patients8–18.

However, despite these advances, the added value of ML over traditional statistical models remains 
uncertain, particularly in external validation settings, where improvements in discrimination are often modest 
and calibration issues may arise19. Moreover, many existing models fail to incorporate variables capturing the 
intensity, continuity, or quality of care during the index hospitalisation—factors that may significantly influence 
subsequent readmission risk. This omission may partly explain the modest predictive performance observed 
across modelling approaches, as current models often rely heavily on structured clinical variables while 
overlooking critical aspects of care delivery and continuity20–22.

The primary objective of this study was to evaluate whether the individual components of the PROFUND 
index, capturing frailty, functional dependence, and social vulnerability, improve the prediction of 30-day 
hospital readmission in multimorbid patients. In addition, we aimed to assess whether machine learning 
approaches meaningfully enhance predictive performance compared with established clinical risk scores. A 
preliminary conceptual reflection on the clinical implications of readmission prediction in multimorbid patients 
was previously discussed in a brief correspondence23. The present study provides the full methodological 
development and external validation of the proposed approach.

Methods
Data collection and participants

1)	 The RePluris project (NCT05574790) was a prospective multicentre study conducted in five public hospitals 
in Spain (the Basque Country, Catalonia and Andalusia), whose objective is to identify the factors associated 
with hospital readmission within 30 days in patients with multimorbidity (multiple pathologies). Adult pa-
tients hospitalised for decompensation of chronic diseases and classified as multimorbid according to Ollero’s 
criteria24, which define multimorbidity based on the coexistence of specific chronic disease categories with 
clinical complexity. Exclusion criteria were operationalised prospectively at the time of inclusion by trained 
clinical staff. Patients considered to be at the end of life were identified based on clinical judgement supported 
by established criteria (e.g., advanced disease with limited life expectancy and palliative care orientation). 
Scheduled admissions were defined as pre-planned hospitalisations for elective procedures, and admissions 
unrelated to chronic disease were excluded based on primary diagnosis at admission. These criteria were 
applied consistently across participating centres. Data were collected prospectively between 2023 and 2024 
in the Internal Medicine and Geriatrics departments of the participating centres.

2)	 External validation data were collected from the electronic health records of Galdakao- Usansolo Hospital. 
Data were internally stored and managed by the Osakidetza-Basque Public Health System. After anonymi-
sation and removal of protected health information, the data were released in a text-delimited format for 
research purposes. Patient-level data were collected for the initial analyses in our study. We identified patients 
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admitted to the Internal Medicine department and defined as multimorbid from 2022 to 2023 with the same 
eligibility criteria as the RePluris project.

Outcome
The primary outcome was unplanned hospital readmission within 30 days after discharge. As death precludes 
the occurrence of readmission, the readmission analyses were performed in patients who were alive at 30 days 
(i.e., conditional on 30-day survival). We report the number of 30-day deaths in the study flow diagram and 
acknowledge this competing event as a limitation.

Variables
Predictor variables were grouped into the following domains:

•	 Clinical characteristics: including comorbidities, laboratory parameters, and clinical conditions (e.g., anae-
mia, heart failure, oncological disease), as well as indices such as the Charlson Comorbidity Index.

•	 Functional status: assessed using the Barthel Index, which was recorded at discharge and operationalised as a 
categorical variable reflecting levels of dependency.

•	 Social and caregiver-related factors: including social support (Gijón scale) and caregiver burden assessed 
using the Zarit Burden Interview (ZBI).

•	 Patient-reported outcomes: including quality of life measured by the EQ-5D-5 L questionnaire and treatment 
adherence assessed using the ARMS scale.

•	 Frailty and prognostic indices: including the PROFUND index and Frail-VIG index.

All variables were collected using validated instruments and were encoded numerically for modelling. 
Continuous variables were standardised within the preprocessing pipeline as described below.

Where applicable, variables were used according to their validated scoring systems. For example, the Barthel 
Index was recorded using its standard scale and subsequently categorised for analysis, and questionnaire-based 
instruments (e.g., EQ-5D-5 L, ZBI) were processed according to their established scoring guidelines.

All predictor data were collected prospectively at or shortly before discharge by trained healthcare professionals 
involved in the study (physicians and/or research nurses), using standardised data collection protocols and 
validated instruments. Data collection procedures were harmonised across centres to ensure consistency25.

Sample size
This study was not prospectively designed using a formal sample size calculation for prediction model 
development or external validation. We acknowledge that recent methodological guidance recommends sample 
size planning based on the expected precision of model performance, calibration, and clinical utility, rather than 
rule-of-thumb criteria such as events-per-variable26. Therefore, the present analyses should be interpreted as an 
evaluation of model performance in a prospective multicentre cohort rather than definitive model development.

Analytical methods
Data preprocessing
The cohort was divided into a training set (80%) and a validation set (20%), maintaining the proportion of 
patients with and without readmission. All preprocessing steps, including missing data imputation, feature 
scaling, and any feature selection procedures, were implemented within a unified pipeline.

To avoid information leakage, these transformations were fitted exclusively on the training data within 
each cross-validation fold and subsequently applied to the corresponding validation fold. The same fitted 
transformations were then applied to the test set and external validation cohort without re-fitting.

All numerical variables were scaled using a robust scaling approach, which is less sensitive to outliers and 
skewed distributions compared to standard normalisation methods. This choice was made to improve model 
stability given the characteristics of clinical data.

Feature selection and reduction
The large number of clinical, functional, and social variables makes it necessary to discriminate which ones 
provide predictive value. To do this, different approaches were compared:

•	 Principal Component Analysis (PCA): transforms the original variables into uncorrelated components that 
capture as much variance as possible, reducing noise and redundancy.

•	 SelectKBest: identifies the variables with the strongest statistical association with the outcome, prioritising 
those that are most informative.

•	 Clinical subsets: selected by experts based on clinical relevance and pathophysiological plausibility.
•	 No reduction: control scenario to assess whether the elimination of variables compromises predictive per-

formance.

All feature selection and dimensionality reduction techniques (including PCA and SelectKBest) were 
incorporated within the cross-validation framework to ensure that variable selection was performed exclusively 
on training folds, thereby preventing optimisation bias.

These approaches were selected to explore different strategies for balancing dimensionality reduction, 
interpretability, and predictive performance, given the high dimensionality and heterogeneity of clinical, 
functional, and social variables. No single method was assumed to be optimal a priori.
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Statistical and machine learning models
Three modelling approaches were selected for primary evaluation: (a) logistic regression as an interpretable 
baseline model, (b) gradient boosting (XGBoost) to account for potential non-linear relationships and complex 
interactions, and (c) a calibrated ensemble based on XGBoost to improve probability estimation. Model 
performance was compared with established clinical risk scores (LACE and HOSPITAL), which are widely used 
for readmission prediction. The PROFUND index itself was not used as a comparator model, as it was originally 
developed for mortality prediction; instead, its individual components were used as predictors in the proposed 
models.

Additional exploratory analyses using alternative feature selection methods, dimensionality reduction 
techniques, resampling strategies, and machine learning algorithms were conducted as part of an initial model 
screening phase and are reported in the Supplementary Methods.

Hyperparameter optimisation
Each algorithm requires the configuration of internal parameters. GridSearchCV was used to identify the 
optimal combinations to maximise performance and minimise overfitting. For XGBoost-based models, tuning 
focused on parameters such as the number of trees (n_estimators), tree depth (max_depth), and learning rate 
(learning_rate). For logistic regression, tuning focused on regularisation-related parameters, including the 
regularisation strength (C) and penalty type where applicable.

For the ensemble track, hyperparameters were optimised using RandomizedSearchCV with stratified five-
fold cross-validation and ROC AUC as the scoring metric. The best estimator was subsequently calibrated via 
isotonic regression. The full hyperparameter search space, optimisation procedure, and selected parameter 
values for the final models are reported in the Supplementary Methods and Supplementary Table S2.

Handling missing data and class imbalance
Missing data were handled using K-nearest neighbours imputation (KNNImputer), which demonstrated 
improved performance in preliminary analyses compared to simpler imputation and iterative strategies. 
Imputation was performed within the cross-validation folds as part of the preprocessing pipeline to prevent 
information leakage.

Class imbalance was addressed either through internal class weighting or resampling strategies, depending 
on the modelling approach.

Model evaluation
Performance was evaluated using standard binary classification metrics, including sensitivity, specificity, precision, 
F1 score, area under the receiver operating characteristic curve (AUC-ROC), and area under the precision–recall 
curve (PR-AUC), all reported with 95% confidence intervals. Confidence intervals for performance metrics 
were estimated using bootstrapping techniques, providing an empirical measure of variability across resampled 
datasets. Calibration was assessed using calibration plots and comparison of predicted versus observed risk 
across probability ranges. All performance metrics were computed on data not used during model fitting or 
preprocessing, ensuring an unbiased estimation of model performance.

Competing risk analysis
Given the non-negligible proportion of patients who died within 30 days, additional analyses were performed to 
account for competing risk. A composite outcome combining 30-day readmission and all-cause mortality was 
defined. All models were retrained using this composite endpoint, applying the same preprocessing pipeline, 
feature selection strategies, hyperparameter optimisation procedures, and validation framework as in the 
primary analysis.

This approach was used as a pragmatic strategy to assess the potential impact of competing risk on model 
performance, while maintaining consistency with the original modelling framework.

Fairness and calibration
In addition to discrimination, model calibration was analysed, verifying that the predicted probabilities 
accurately reflected the observed readmission rates. Optimal decision thresholds were adjusted beyond the 
conventional value of 0.5; they were determined from out-of-fold predictions in the training set (to avoid data 
leakage) using Youden’s index, maximum F1 score, and sensitivity-oriented optimisation; the Youden threshold 
was pre-specified for external evaluation. The objective was to prioritise the detection of patients at risk of 
readmission, reducing clinically relevant false negatives.

External validation
Variables in the external validation cohort were defined and operationalised using the same criteria and coding 
as in the development cohort to ensure comparability of predictors across datasets. The final model was first 
categorised using the optimal decision threshold to be applied in an external cohort of patients. LACE and 
Hospital were also applied in our sample. The available bibliography was used to determine the optimal cut-
off points27,28. Precision–recall and calibration plots were also assessed in the external cohort to evaluate 
discrimination and reliability. For LACE and HOSPITAL, scores were min–max scaled to the [0,1] range to allow 
comparison with probabilistic model outputs; therefore, their calibration should be interpreted with caution.
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Ethical approval
The research was conducted in accordance with the principles outlined in the Declaration of Helsinki (Br 
Med J 1964; ii: 177). The study was approved by the Basque Country Ethics Committee (Reference Number: 
PI2018191). Written informed consent was obtained from patients or their legal representatives.

Software and libraries
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. 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 utilised as required by the main libraries. All 
analyses were conducted using reproducible scripts with fixed random seeds to ensure deterministic results 
across runs.

Results
Participants
A total of 1,003 patients were initially evaluated for inclusion in the study. Of these, 468 patients were excluded 
due to not meeting the inclusion criteria, refusal to participate, or incomplete data (e.g., missing key variables 
required for model development). A detailed breakdown of exclusions is provided in Fig. 1. Therefore, the final 
sample included 485 patients. Because the study outcome was 30-day readmission, analyses were restricted to 
patients who were alive at 30 days after discharge. Therefore, 50 patients who died within 30 days were excluded 
from the readmission analyses, and the final analytical sample consisted of 435 patients.

The cohort was divided as follows: 388 patients were assigned to the training cohort, of whom 56 experienced 
readmissions (14%); and 97 patients formed the test cohort, with 14 readmissions recorded(14%). The external 
cohort was composed of 173 patients; 22% were readmitted.

There were no clinically important differences between the main predictors in the train and test sets, except 
for the previous diagnosis of heart failure, which was found to be more frequent in the train set (168 cases, 
43.3%) compared to the test set (29 cases, 29.9%)This reflects a moderate imbalance in heart failure history 
between the two sets, which should be considered in interpretation and potential model recalibration steps. On 
the other hand, patients in the external validation cohort present a greater number of comorbidities (see Table 
1).

Internal validation
During internal validation, multiple modelling strategies and predictor sets were evaluated (see Table 2). Models 
based on PROFUND components showed modest performance across different algorithms. The inclusion of 
additional frailty measures (PROFUND + Frail-VIG) did not result in a substantial or consistent improvement in 
predictive performance across metrics. As a result, and to ensure consistency with the external validation cohort 
where Frail-VIG was not available, subsequent analyses focused on models based on PROFUND components.

Overall, differences in performance between models were modest, with no single approach clearly 
outperforming the others across all metrics.

XGBoost and the calibrated ensemble XGBoost were selected for external validation as they showed stable 
performance across metrics, good calibration properties, and compatibility with SHAP-based interpretability. 
This choice reflects a pragmatic selection based on overall model behaviour rather than clear superiority in 
discrimination.

Fig. 1.  Flow chart of the participants.
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External validation
In the external validation cohort, discrimination remained modest across all approaches (AUC range 0.52–0.59). 
The ensemble XGBoost model achieved the highest AUC (0.59), followed by XGBoost (0.58), HOSPITAL (0.54), 
and LACE (0.52). Differences between models were incremental rather than substantial (see Table 3).

Figure 2 summarises the discrimination ability of the LACE, HOSPITAL, XGBoost, and Ensemble XGBoost 
models in the external validation cohort through receiver operating characteristic (ROC) and precision–recall 
(PR) curves. Machine learning–based models demonstrated numerically higher discrimination compared with 
traditional scores, although absolute differences were modest. The Ensemble XGBoost achieved the highest area 
under the ROC curve (AUC = 0.59), followed by XGBoost (AUC = 0.58), HOSPITAL (AUC = 0.54), and LACE 
(AUC = 0.52). The confidence interval for the AUC of the best-performing model included 0.5, indicating that 
discrimination was only marginally better than chance in the external validation cohort. A similar pattern was 

Model
ROC AUC
(95% CI)

Precision
(95% CI)

Recall
(95% CI)

F1 Score
(95% CI)

LACE (> 10) 0.52 (0.47–0.56) 0.22 (0.16–0.29) 0.95 (0.87–1.00) 0.36 (0.27–0.44)

HOSPITAL (> 4) 0.54 (0.45–0.63) 0.24 (0.16–0.34) 0.54 (0.38–0.71) 0.34 (0.23–0.44)

XGB (threshold = 0.51) 0.58 (0.47–0.68) 0.32 (0.19–0.45) 0.43 (0.27–0.59) 0.37 (0.23–0.49)

Ensemble XGB (threshold = 0.11) 0.59 (0.48–0.70) 0.27 (0.18–0.36) 0.68 (0.52–0.82) 0.38 (0.27–0.48)

Table 3.  Performance of final models in validation cohort. Abbreviations. AUC: Area under the receiver 
operating characteristic curve; XGB: XGBoost; Threshold: Probability cut-off used for classification.

 

Model Predictors
ROC AUC
(95% CI)

Precision
(95% CI)

Recall
(95% CI)

F1 Score
(95% CI)

KNN PROFUND 0.67 (0.58–0.76) 0.21 (0.13–0.29) 0.93 (0.88–0.98) 0.34 (0.25–0.44)

Decision Tree PROFUND 0.63 (0.53–0.73) 0.38 (0.29–0.48) 0.36 (0.26–0.45) 0.37 (0.27–0.47)

SVC PROFUND 0.66 (0.57–0.76) 0.21 (0.13–0.30) 0.86 (0.79–0.93) 0.34 (0.25–0.44)

XGBoost PROFUND 0.68 (0.58–0.77) 0.25 (0.16–0.34) 0.71 (0.62–0.80) 0.37 (0.27–0.47)

Ensemble XGBoost PROFUND 0.67 (0.49–0.82) 0.15 (0.09–0.24) 0.93 (0.78–1.00) 0.26 (0.15–0.38)

KNN PROFUND + Frail-VIG 0.69 (0.60–0.78) 0.24 (0.16–0.33) 0.79 (0.70–0.87) 0.37 (0.28–0.47)

Decision Tree PROFUND + Frail-VIG 0.66 (0.57–0.76) 0.26 (0.17–0.34) 0.64 (0.55–0.74) 0.37 (0.27–0.46)

SVC PROFUND + Frail-VIG 0.61 (0.51–0.71) 0.20 (0.12–0.28) 0.64 (0.55–0.74) 0.31 (0.22–0.40)

XGBoost PROFUND + Frail-VIG 0.69 (0.60–0.78) 0.24 (0.16–0.33) 0.79 (0.70–0.87) 0.37 (0.28–0.47)

Table 2.  Performance of different models assessed in the test set. Abbreviations. ROC AUC: Area under the 
receiver operating characteristic curve; Prec.: Precision; F1 Score: Harmonic mean of precision and recall.

 

Characteristic Total (N = 485) Train (N = 388) Test (N = 97) p-value External Validation (N = 173) p-value

Demographic Characteristics

Age, years (Mean ± SD) 81.9 ± 9.9 81.8 ± 9.7 82.6 ± 10.8 0.4812 86.1 ± 6.5 < 0.0001

Male sex, n (%) 255 (52.6) 208 (53.6) 47 (48.5) 0.3632 96 (55.5) 0.5095

Main Comorbidities 

Heart failure, n (%) 253 (52.2) 207 (53.4) 46 (47.4) 0.2959 40 (23.1) < 0.0001

COPD, n (%) 124 (25.6) 101 (26.0) 23 (23.7) 0.6395 119 (68.8) < 0.0001

Diabetes mellitus, n (%) 234 (48.2) 190 (49.0) 44 (45.4) 0.5247 102 (58.9) 0.0155

Chronic kidney disease, n (%) 239 (49.3) 187 (48.2) 52 (53.6) 0.3403 113 (65.3) 0.0003

Dementia/cognitive impairment, n (%) 125 (25.8) 95 (24.5) 30 (30.9) 0.1944 56 (32.4) 0.0953

Active neoplasia, n (%) 126 (26.0) 103 (26.5) 23 (23.7) 0.5690 43 (24.9) 0.7714

Number of chronic conditions Mean ± SD 2.3 ± 1.2 2.3 ± 1.1 2.2 ± 1.3 0.8309 2.7 ± 1.2 < 0.0001

Functional Status 

Barthel Index 0.2748 < 0.0001

No dependency (> = 95) 138 (28.45) 113 (29.12) 25 (25.77) 19 (11.0)

· Mild-moderate dependency(90 − 65) 121 (24.95) 102 (26.29) 19 (19.59) 76 (43.9)

· Moderate-severe dependency(60 − 25) 143 (29.48) 107 (27.58) 36 (37.11) 48 (27.8)

· Severe dependency (< = 20) 66 (13.61) 51 (13.14) 15 (15.46) 21 (12.1)

Table 1.  Characteristics of the patient in different datasets:.
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observed in the precision–recall space, where the Ensemble XGBoost obtained the largest area under the PR 
curve (AP = 0.30), followed by HOSPITAL (AP = 0.29), XGBoost (AP = 0.26), and LACE (AP = 0.24). Together, 
these results indicate numerically higher discrimination when using the ensemble model compared with the 
traditional indices.

Figure 3 depicts the calibration performance and the distribution of predicted probabilities across models. 
Calibration curves for LACE, HOSPITAL, and Ensemble XGBoost are shown, allowing direct comparison of 
predicted and observed event rates. The Ensemble XGBoost curve is closest to the ideal diagonal, indicating 
better agreement between predicted probabilities and observed readmission rates. In contrast, LACE and 
HOSPITAL show greater variability, reflecting less consistent calibration, which may be partly explained by 
the use of rescaled scores rather than true predicted probabilities. The histogram of predicted probabilities 
reveals that the Ensemble XGBoost concentrates most predictions in lower probability ranges (approximately 
0.05–0.25), which is typical of well-calibrated models when the positive event is infrequent. This distribution 
suggests that the ensemble model effectively captures the class imbalance present in the dataset and provides 
more realistic probability estimates compared with traditional and single-model approaches.

When models were retrained using the composite outcome of 30-day readmission or all-cause mortality, 
overall performance remained modest and comparable to the primary analysis. Discrimination metrics showed 
no meaningful improvement across models, and differences between modelling approaches remained minimal. 
These findings suggest that including mortality as a competing event does not substantially improve predictive 
performance in this setting. Importantly, the relative ranking of models remained unchanged, with ensemble-
based approaches showing only incremental improvements over logistic regression.

To better understand the contribution of individual PROFUND items to the model’s predictions, SHAP 
(SHapley Additive exPlanations) values were computed for the Ensemble XGBoost model trained on the 
final model based on PROFUND components. The global SHAP summary plot (see Fig.  4) illustrates the 
distribution and direction of impact of each variable on the predicted risk of 30-day readmission. To facilitate 

Fig. 3.  Calibration curves and distribution of predicted probabilities for LACE, HOSPITAL, and Ensemble 
XGBoost models in the external validation cohort.

 

Fig. 2.  ROC and PR curves for LACE, HOSPITAL, and the XGBoost ensemble in the validation cohort.
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the interpretation of SHAP values, the variables included in the Profund-based model and their corresponding 
clinical meanings are detailed next.

The variables used in the SHAP analysis correspond to the individual components of the PROFUND index 
as operationalised in this study. Although the original PROFUND score is typically used as a composite index, 
we modelled its individual components separately to assess their independent contribution to readmission risk.

•	 profund___1: Age > 85 years.
•	 profund___2: Active neoplasia.
•	 profund___3: Dementia.
•	 profund___4: NYHA class III–IV heart failure.
•	 profund___5: Delirium.
•	 profund___6: Hemoglobin < 10 g/dL (latest laboratory value at admission).
•	 profund___7: Barthel Index < 60 (at hospital discharge).
•	 profund___8: No caregiver or caregiver other than spouse.
•	 profund___9: ≥ 4 hospital admissions in the past 12 months (including current admission).
•	 profund___10: Indicator of non-computable PROFUND score due to missing data.

Figure 4 shows the SHAP (SHapley Additive Explanations) values, which reveal how much each variable in 
the PROFUND index contributes to the model’s predictions. The SHAP summary plot revealed that the 
most influential predictors of the model were dementia (profund___3), hemoglobin < 10  g/dL at admission 
(profund___6), and age > 85 years (profund___1). For these variables, the presence of the condition (“Yes”) 
was associated with positive SHAP values, indicating an increased probability of the adverse outcome, whereas 
the absence (“No”) was linked to negative SHAP values, reducing the predicted risk. Other factors, such as 
NYHA class III–IV heart failure (profund___4), delirium (profund___5), Barthel Index < 60 at discharge 
(profund___7), lack of a caregiver or caregiver other than spouse (profund___8), and ≥ 4 hospital admissions in 
the past 12 months (profund___9), showed smaller or more variable impacts on the model output. The variable 
profund___10 does not represent a clinical feature but rather a flag indicating that the PROFUND score could 
not be calculated due to missing data. It was therefore not used as a predictor in the modelling process and does 
not contribute to model interpretation.

Discussion
In this prospective multicentre study of multimorbid patients, we evaluated whether variables capturing key 
domains of vulnerability, specifically frailty (e.g., advanced age, cognitive impairment, heart failure severity), 
functional dependence (e.g., Barthel Index), and social vulnerability (e.g., caregiver availability), as represented 
by the individual components of the PROFUND index, could improve the prediction of 30-day hospital 
readmission. Although these variables are clinically meaningful and conceptually linked to post-discharge 
vulnerability, overall discrimination remained modest, even when combined with machine learning techniques 
and externally validated. These findings underscore the intrinsic difficulty of predicting early readmission in 

Fig. 4.  Shap values for the final model.
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multimorbid older adults, a population in whom rehospitalisation likely reflects a complex interaction between 
baseline vulnerability, acute decompensation, and post-discharge care processes.

The SHAP analysis provided clinically coherent insights. Cognitive impairment, severe anaemia at admission, 
advanced age, and advanced heart failure emerged as the most influential contributors to readmission risk. 
Rather than representing isolated risk factors, these variables reflect multidimensional vulnerability: impaired 
self-management capacity, reduced physiological reserve, and unstable chronic disease trajectories.

These findings are consistent with previous studies highlighting the role of frailty, cognitive impairment, 
anaemia, and functional decline as key determinants of adverse post-discharge outcomes in older multimorbid 
populations29–32. In particular, frailty and functional dependence have been repeatedly associated with increased 
healthcare utilisation and readmission risk, while social factors such as caregiver availability and social support 
are increasingly recognised as critical determinants of transitional care success.

Functional dependence at discharge and absence of a spousal caregiver further emphasise the importance 
of post-discharge support structures33–36. These findings align with evidence highlighting the role of frailty 
progression, social isolation, and unmet care needs in adverse post-discharge outcomes. However, despite the 
conceptual relevance of these domains, their predictive contribution remained insufficient to achieve strong 
discrimination at the individual level.

Lack of a caregiver or having a non-spousal caregiver also exerted positive effects on model output when 
present35. This social determinant of health may serve as an indicator of social isolation or loneliness, which 
has been consistently demonstrated as a strong predictor of adverse health outcomes36. The prominence of this 
variable highlights that readmission risk extends beyond purely medical factors to encompass critical social 
support structures.

In contrast, frequent hospital use, defined as four or more admissions in the past 12 months37 and active 
neoplasia38, showed comparatively smaller and more heterogeneous contributions, with SHAP values clustering 
closer to zero. This suggests that while these conditions are clinically significant, their marginal impact on 
discriminating between patients at risk of 30-day readmission was less pronounced in this dataset compared to 
functional, cognitive, and social vulnerability indicators. This finding may reflect the fact that oncological patients 
often have specialised follow-up pathways that mitigate readmission risk, while frequent prior hospitalisations 
may be less predictive when the current episode represents an acute decompensation rather than a continuation 
of chronic instability39.

Some associations observed in the SHAP analysis may appear counterintuitive, such as certain severe clinical 
conditions (e.g., delirium or advanced heart failure) being associated with lower predicted readmission risk. 
This pattern may be explained by the presence of competing risks, particularly early mortality or transitions to 
palliative care pathways. In this context, patients with greater clinical severity may be less likely to be readmitted 
because they are at increased risk of death or are managed through non-hospital-based care strategies.

Similar paradoxical associations have been reported in the literature, such as the “obesity paradox” in heart 
failure40, where factors traditionally associated with worse prognosis appear protective in selected patient 
populations. These observations are generally attributed to competing risks, survival bias, and selection effects, 
reinforcing the need for cautious interpretation of model-derived associations.

This interpretation is consistent with our additional analyses that incorporated a composite outcome of 
readmission or death, which did not materially improve model performance, suggesting that competing risks 
alone do not fully account for the observed limited predictive ability.

We cannot compare our findings regarding model performance to those of other studies because the 
PROFUND index has never been evaluated for predicting readmissions, leaving no reference metrics for this 
outcome. In our evaluation, neither the recommended baseline tools41 nor the additional classical and machine-
learning models achieved acceptable predictive properties, underscoring the inherent limitations of current 
artificial intelligence methods in complex clinical prediction tasks.

When comparing the PROFUND-based XGBoost and Ensemble XGBoost models with LACE and 
HOSPITAL, it became clear that all approaches struggled to achieve strong performance. Discrimination in the 
external cohort remained modest across the board (AUC 0.52–0.59), consistent with the persistent difficulty of 
forecasting 30-day readmissions in multimorbid older adults. Notably, none of the evaluated approaches reached 
conventional thresholds for strong discrimination (AUC ≥ 0.70), underscoring the structural difficulty of this 
prediction task. The wide confidence intervals observed in the external validation, including overlap with 0.5 for 
AUC, further highlight the uncertainty in model performance and reinforce the limitations imposed by sample 
size. These findings reinforce a recurring conclusion in the literature: even sophisticated or widely used models 
often fail to account for the multidimensional drivers of early rehospitalisation.

Notably, the external validation cohort included older patients with a higher burden of comorbidities and 
worse functional status, which may partly explain the observed decrease in performance and highlights the 
challenges of model transportability across heterogeneous clinical populations.

From a clinical and organisational perspective, these findings suggest that reliance on static risk scores at 
discharge may be insufficient to optimise transitional care strategies in multimorbid patients. Early readmission in 
this population likely depends not only on baseline vulnerability but also on dynamic factors such as medication 
reconciliation, timely primary care follow-up, caregiver engagement, and access to community resources. Risk 
stratification tools may therefore be more useful as components of comprehensive discharge planning rather 
than as standalone decision triggers for resource allocation.

The presence of competing risk due to early mortality is an important consideration in this population. In our 
cohort, a substantial proportion of patients died within 30 days, which may influence readmission patterns and 
bias traditional prediction approaches.
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To address this, we performed additional analyses using a composite outcome of readmission or death. 
However, incorporating mortality into the outcome did not meaningfully improve model performance, 
suggesting that competing risk alone does not fully explain the limited discrimination observed.

These findings indicate that the modest predictive performance is likely driven by a combination of factors 
rather than a single underlying limitation. First, the available sample size and number of outcome events may 
be insufficient for stable machine learning model development and precise external validation, potentially 
contributing to model instability and wide confidence intervals. Second, the models rely exclusively on 
PROFUND components, which were originally designed to predict mortality rather than readmission, and 
may therefore not fully capture the determinants of early rehospitalisation. Third, the external validation cohort 
differed from the development cohort in clinically relevant aspects, including older age, higher comorbidity 
burden, and worse functional status, which may have affected model transportability and performance.

As expected, LACE prioritised sensitivity at the expense of precision, classifying nearly all readmitted 
patients but generating many false positives. HOSPITAL offered a slightly better balance, though its overall 
discrimination and calibration remained limited. These classical scores rely heavily on administrative variables 
and appear insufficient for the complexity of the multimorbid population studied.

The PROFUND-based XGBoost models showed performance comparable to other modelling approaches, 
with only small differences across metrics. Importantly, no model demonstrated clear superiority in 
discrimination.

The choice of XGBoost-based models for final evaluation was therefore based on their stable behaviour across 
performance metrics, flexibility in probability estimation, and compatibility with interpretability techniques 
such as SHAP, rather than on meaningful gains in predictive accuracy.

Despite using clinically rich and pathophysiologically plausible variables, such as frailty, functional 
dependence, cognition, anaemia, and caregiver availability, the models still fell short of a performance threshold 
that would justify routine clinical use. This highlights both the relevance of the PROFUND domains and the 
potential limitations of using baseline vulnerability measures alone for predicting short-term readmission. 
The observed performance should therefore be interpreted as reflecting both the intrinsic complexity of the 
outcome and the constraints imposed by the study design, including sample size, predictor selection, and cohort 
differences.

This apparent disconnect between conceptual relevance and predictive performance has also been described 
in previous work, where variables strongly associated with vulnerability, such as frailty, comorbidity burden, 
and functional status, do not necessarily translate into accurate prediction of short-term readmission at the 
individual level2,42–44.

Several limitations should be acknowledged. A key limitation of this study is the sample size. Although 
the study was prospective and multicentre, the number of readmission events was modest for prediction 
modelling, particularly for machine learning approaches and for precise external validation. Recent guidance 
recommends formal sample size planning for both development and validation studies, with emphasis on 
calibration, observed-to-expected ratios, and clinical utility. The absence of such planning, together with the 
limited number of outcome events, may have contributed to model instability, wide confidence intervals, and 
limited transportability across cohorts. Another limitation of our study is that we use a specific cohort composed 
of patients in Internal Medicine; generalisability to other populations (e.g., surgical or speciality patients) has 
not been demonstrated. Given these considerations, the use of PROFUND components for readmission risk 
stratification should be interpreted with caution. While the domains captured by the index reflect clinically 
meaningful vulnerability, their predictive performance for early readmission was limited in this setting. Further 
prospective validation studies, ideally incorporating dynamic post-discharge variables and care-process 
indicators, are warranted before routine implementation for clinical decision-making.

In conclusion, in a prospective multicentre cohort of multimorbid patients, the use of PROFUND index 
components, reflecting frailty, functional dependence, and social vulnerability, resulted in only modest 
improvements in the prediction of 30-day readmission. Even when combined with machine learning 
techniques, discrimination remained limited in external validation. These findings highlight the complexity of 
early readmission in multimorbid older adults and suggest that predictive performance is influenced by both 
the intrinsic characteristics of the outcome and the constraints of the study design. In particular, the use of 
mortality-oriented predictors, limited sample size, and differences between cohorts may have contributed to the 
modest discrimination observed. Risk stratification tools based solely on baseline vulnerability may therefore 
be insufficient to guide post-discharge interventions without incorporating dynamic and care-process–related 
factors.

Data availability
The datasets generated and analysed during the current study are not publicly available due to institutional ethi-
cal restrictions and the presence of sensitive patient-level information. De-identified data may be made available 
from the corresponding author upon reasonable request and subject to approval by the relevant institutional 
review board.
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