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Abstract. Heart failure (HF) often coexists with renal 
dysfunction, which complicates the management and prolongs 
the length of stay (LOS) of patients in hospital. It is associated 
with an increased risk of in‑hospital complications, higher 
readmission rates and increased healthcare costs, placing a 
significant burden on both patients and healthcare systems. 
The present study evaluated whether renal biomarkers or 
echocardiographic indices can more effectively predict LOS in 
hospitalized patients with HF and compared the performance 
of predictive models derived from these features. In the present 
retrospective observational single‑center study, 112  adult 
patients admitted with HF between January, 2024 and May, 
2025 were analyzed. LOS was evaluated both as a continuous 
variable and as a binary outcome (≤3 days vs. >3 days). Group 
comparisons employed the Mann‑Whitney U and Chi‑squared 
tests. Predictive models were constructed using logistic regres‑
sion, linear regression and random forest algorithms. Three 
feature sets were assessed: i) Renal biomarkers [serum urea, 
creatinine and estimated glomerular filtration rate (eGFR)]; 
ii) echocardiographic left ventricular ejection fraction (LVEF); 

and iii) a combined set including renal biomarkers, LVEF, age, 
sex and diabetes status. The median LOS was 3 days (range, 
1‑10 days). Patients with prolonged periods of hospitalization 
(>3 days) exhibited higher urea and creatinine levels, and a 
lower eGFR (all P≤0.003), whereas age, sex, diabetes and 
LVEF exhibited no significant association. Among the predic‑
tive models, the random forest model using the combined 
feature set achieved the highest discrimination (AUC, 0.74; 
95% CI, 0.67‑0.85) and regression performance (R2=0.26). 
Models incorporating LVEF alone demonstrated limited 
predictive capacity, and the combined model did not substan‑
tially outperform renal biomarkers alone. Renal dysfunction 
independently predicts prolonged LOS in HF and outperforms 
LVEF. Integrating renal biomarkers into admission assess‑
ments can improve early risk stratification and guide clinical 
management by incorporating routinely available measures, 
such as serum creatinine and eGFR into standardized admis‑
sion protocols, enabling the early identification of high‑risk 
patients.

Introduction

Heart failure (HF) remains one of the leading causes of 
morbidity, mortality and hospitalization worldwide, repre‑
senting a substantial and persistent burden on healthcare 
systems (1). The prevalence of HF continues to rise due to 
the aging of the population and improved survival following 
cardiovascular events, leading to a growing population of 
patients requiring chronic management (2). This increasing 
prevalence underscores the urgent need for effective strate‑
gies to mitigate the associated clinical, societal and economic 
consequences of HF (1).
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In Asia, including Indonesia, the epidemiological land‑
scape of HF poses distinct challenges, with prevalence rates 
remaining high across diverse populations  (3). Regional 
studies have reported estimates approaching 900 cases per 
100,000 population, highlighting the considerable disease 
burden within these communities (4). This impact is further 
compounded by region‑specific etiological factors, inequi‑
ties in healthcare access, and socioeconomic disparities that 
influence both disease progression and treatment outcomes. 
Consequently, the identification of modifiable determinants of 
adverse outcomes, particularly those contributing to prolonged 
hospitalization, has become an essential public health and 
clinical priority (3).

Among these determinants, the cardiorenal axis has 
emerged as a critical pathway influencing the prognosis of 
patients with HF. Cardiorenal syndrome, defined by bidirec‑
tional dysfunction between the heart and kidneys, represents a 
common and deleterious comorbidity in patients with HF (5). 
Contemporary registry data confirm that renal dysfunction is 
highly prevalent in this population and serves as an indepen‑
dent predictor of poor outcomes (6). Worsening renal function 
during hospitalization has been consistently associated with 
an extended length of stay (LOS) in the hospital, increased 
in‑hospital mortality rates and higher rates of re‑hospitaliza‑
tion (7). In addition to renal dysfunction, right ventricular 
impairment has been identified as a key determinant of LOS, 
reflecting the multifactorial nature of congestion and organ 
dysfunction in patients with HF (8).

Echocardiography remains the cornerstone of HF diag‑
nosis and classification; however, reliance on left ventricular 
ejection fraction (LVEF) alone as a prognostic marker has 
been increasingly challenged (9). While LVEF provides essen‑
tial information on systolic function, its capacity to predict 
short‑term outcomes, such as LOS or re‑hospitalization is 
limited. Additionally, there is limited comparative evidence 
available evaluating the relative prognostic value of renal 
biomarkers versus echocardiographic parameters in predicting 
hospital LOS among patients with HF, particularly in low to 
middle income settings. This limitation highlights the need to 
integrate additional physiological markers, particularly renal 
biomarkers, into risk prediction frameworks.

To address this gap, the present study aimed to directly 
compare the prognostic performance of routinely measured 
renal biomarkers with standard echocardiographic parameters 
in predicting hospital LOS among patients admitted with HF. 
Furthermore, the present study integrated conventional statis‑
tical modelling with machine learning approaches, thereby 
enhancing predictive accuracy and early risk stratification. 
Such an approach could inform individualized manage‑
ment, optimize resource allocation, and support data‑driven 
strategies to improve outcomes for patients with HF (8,10).

Patients and methods

Study population. The present retrospective study cohort 
comprised adult patients admitted to Karsa Husada Hospital, 
Batu in Indonesia between January 1, 2024 and May 31, 2025 
with a primary diagnosis of HF. Data were collected from 
June to July 2025 after ethics approval for the study had been 
obtained. Karsa Husada Hospital serves as a teaching hospital 

affiliated with the Faculty of Medicine and Health Sciences, 
Maulana Malik Ibrahim Islamic State University Malang. 

A total of 112 patients met the eligibility criteria and were 
included in the final analysis. Patients were included using a 
consecutive sampling approach, whereby all eligible patients 
meeting the inclusion criteria during the study period were 
enrolled sequentially to minimize bias. As the present study 
was a retrospective study utilizing all available data within the 
study period, no formal sample size calculation was performed. 
The inclusion criteria were: i) An age ≥18 years; ii) admission 
with HF as the primary diagnosis; and iii) the availability of 
laboratory measurements for serum urea, serum creatinine 
and estimated glomerular filtration rate (eGFR), along with the 
echocardiographic assessment of LVEF. Patients were excluded 
if essential clinical or laboratory data were not available, if 
they were discharged or transferred within 24 h of admission, 
or if HF was not the primary reason for hospitalization. The 
workflow of patient selection is depicted in (Fig. 1).

The present study was approved by the Health Research 
Ethics Committee of Faculty of Medicine, Maulana Malik 
Ibrahim Islamic State University Malang, Indonesia 
(Approval no. 60/01/EC/KEPK‑FKIK/10/2024). Only de‑iden‑
tified medical records were analyzed, with a waiver of written 
informed consent granted due to the retrospective, anonymized 
data use, and non‑interventional design (Letter no. 009/KEPK.
FKIK/KP/XI/2025).

Variables and outcome definition. Demographic variables 
included age, sex and diabetes mellitus status (coded as 1 for 
presence, 0 for absence). Laboratory parameters consisted 
of serum urea (mg/dl), serum creatinine (mg/dl) and eGFR 
(ml/min/1.73 m2), calculated using the Modification of Diet 
in Renal Disease (MDRD) equation. Echocardiographic 
assessment included LVEF (%), measured using the biplane 
Simpson method in accordance with American Society of 
Echocardiography guidelines (11). LVEF was selected as the 
primary echocardiographic parameter as it is the most routinely 
available and standardized measure across all patients in 
clinical practice. Other echocardiographic parameters, such 
as right ventricular function or diastolic indices, were not 
included due to their inconsistent availability in the dataset. 
The primary outcome was hospital LOS, defined as the number 
of days from admission to discharge. LOS was analyzed both 
as a continuous variable and as a categorical variable dichoto‑
mized at the median value: ≤3 days vs. >3 days. Patients with 
a hospital LOS >3 days were classified as having a prolonged 
period of hospitalization for subsequent descriptive and 
inferential analyses.

Statistical analysis. Continuous variables are reported as the 
mean ± standard deviation (SD) or median with interquar‑
tile range (IQR), depending on the underlying distribution, 
while categorical variables are presented as frequencies and 
percentages. Normality was assessed using the Shapiro‑Wilk 
test. Comparisons between patients with a short (≤3 days) 
and prolonged (>3  days) LOS were performed using the 
Mann‑Whitney U test for continuous variables and the 
Chi‑squared test for categorical variables. A two‑tailed P‑value 
<0.05 was considered to indicate a statistically significant 
difference.
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For predictive modeling, three feature sets were evaluated: 
i) Renal biomarkers alone (serum urea, creatinine and eGFR); 
ii) echocardiographic variable alone (LVEF); and iii) a combined 
feature set incorporating renal biomarkers, LVEF, age, sex and 
diabetes status. Missing values were imputed using the median 
of each variable. Prior to modeling, the class distribution of 

the outcome variable (LOS ≤3 days vs. >3 days) was assessed. 
As the proportion of the two groups was relatively balanced, 
no resampling techniques, such as oversampling or unders‑
ampling were applied. Additionally, synthetic data generation 
methods were not used to avoid potential overfitting given the 
relatively small sample size. The dataset was randomly split 

Figure 1. Flowchart of patient selection and analytic workflow. Flow diagram illustrating the identification, screening, and inclusion of patients hospitalized 
with heart failure. Of 280 records initially assessed, 112 patients met the inclusion criteria based on the availability of renal and echocardiographic data and 
were retained for the final analysis. eGFR, estimated glomerular filtration rate; LVEF, left ventricular ejection fraction.
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into training (70%) and testing (30%) subsets. To enhance 
model robustness and reduce variability associated with a 
single data split, k‑fold cross‑validation (k=5) was performed 
on the training set. Logistic and linear regression models were 
used as baseline approaches due to their interpretability, while 
ensemble methods, including random forest and gradient 
boosting, were selected to capture non‑linear associations and 
interactions among variables. Hyperparameter optimization 
for random forest and gradient boosting models was conducted 
using grid search within the cross‑validation framework to 
identify optimal parameter combinations. For binary clas‑
sification of prolonged LOS, logistic regression (with feature 
standardization) and random forest classifiers were applied. 
Model performance was quantified using accuracy, area under 
the receiver operating characteristic curve (AUC), precision, 
recall, and F1‑score. 

Continuous LOS prediction was performed using linear 
regression and random forest regression, with performance 
metrics including mean absolute error (MAE), mean squared 
error (MSE) and the coefficient of determination (R2). Receiver 
operating characteristic (ROC) curves were generated to 
visualize classifier performance, and feature importance 
values were derived from random forest models. For regres‑
sion analyses, scatter plots comparing predicted vs. observed 
LOS were constructed to evaluate model fit. All statistical 
analyses and machine learning workflows were implemented 
in Python (pandas, scikit‑learn, scipy, matplotlib). To improve 
reproducibility, all machine learning models were imple‑
mented with a fixed random_state. Random forest models 
were constructed using 100 trees (n_estimators=100) with 
default depth settings. Continuous variables were standard‑
ized using z‑score normalization prior to logistic regression 
modelling. Model performance was evaluated on a held‑out 
test set (30% of the data), while the remaining 70% was used 
for training. Overfitting was assessed by comparing model 
performance between training and testing datasets. Given 
the relatively small sample size, a parsimonious modelling 

approach was adopted to balance predictive performance and 
generalizability.

Results

Group comparisons. Baseline demographic and laboratory 
characteristics stratified by hospital LOS are summarized 
in (Table I). Patients were evenly distributed between those 
discharged within 3 days and those hospitalized for longer 
durations. Age (61.1±10.9 vs. 63.4±10.9 years; P=0.28), sex 
distribution (65.5 vs. 68.5% male; P=0.74) and the prevalence 
of diabetes (22.4 vs. 20.4%; P=0.80) were comparable between 
the groups. By contrast, significant differences were observed 
in renal function parameters. Patients with prolonged periods of 
hospitalization exhibited markedly higher blood urea concen‑
trations (53.9±39.3 vs. 30.6±18.9 mg/dl; P=0.003) and serum 
creatinine levels (1.39±1.16 vs. 0.88±0.52 mg/dl; P=0.001), 
indicating greater renal dysfunction. LVEF did not differ 
significantly between the groups (44.3±17.0 vs. 46.1±15.3%; 
P=0.49), suggesting that renal dysfunction, rather than systolic 
cardiac performance, was more strongly associated with 
prolonged hospitalization.

Classification performance. The data for predictive model 
performance on the held‑out test sets are presented in 
Table II. Using only renal biomarkers, the logistic regression 
demonstrated modest discrimination (accuracy, 0.56; AUC, 
0.68; 95% CI, 0.58‑0.78) with limited recall (0.38) and F1 
score (0.44). By contrast, tree‑based ensemble approaches 
demonstrated superior discrimination: The random forest 
classifier improved accuracy to 0.71 with  recall (0.63) and 
F1 score (0.67) alongside good discrimination (AUC, 0.74; 
95% CI, 0.65‑0.83) outperforming both logistic regression 
and gradient boosting. Gradient boosting achieved a slightly 
higher AUC of 0.76 (95% CI, 0.67‑0.85) , although with lower 
recall (0.56) and F1 score (0.62). Models trained exclusively on 
LVEF features exhibited a poor predictive ability (AUC, 0.48; 

Table I. Baseline characteristics of patients with heart failure stratified by hospital LOS. 

Characteristic	 ≤3 days (mean ± SD)	 >3 days (mean ± SD)	 P‑value

Age (years)	 61.14±10.91	 63.43±10.94	 0.28
Sex, n (%)			 
  Male	 38 (65.5%)	 37 (68.5%)	 0.74
  Female	 20 (34.5%)	 17 (31.5%)	
Diabetes, n (%)			 
  Yes	 13 (22.4%)	 11 (20.4%)	 0.80
  No	 45 (77.6%)	 43 (79.6%)	
Urea (mg/dl)	 30.59±18.93	 53.91±39.27	 0.003
Creatinine (mg/dl)	 0.88±0.52	 1.39±1.16	 0.001
eGFR (ml/min/1.73 m2)	 100.89±44.80	 69.89±33.63	 0.001
LVEF (%)	 46.09±15.26	 44.26±17.04	 0.49

Data are presented as the mean ± SD for continuous variables and number (percentage) for categorical variables. Patients were categorized into 
two groups: LOS ≤3 days (n=58) and LOS >3 days (n=54). LOS, length of stay; SD, standard deviation; eGFR, estimated glomerular filtration 
rate; LVEF, left ventricular ejection fraction. 
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95% CI, 0.38‑0.58) and low classification metrics (accuracy, 
0.50; F1 score, 0.32). Although random forest improved recall 
substantially (0.81), overall discrimination remained limited, 
indicating LVEF alone provides insufficient prognostic infor‑
mation for LOS. Incorporating additional clinical covariates, 
including LVEF, age, sex and diabetes, did not substantially 
enhance model performance. Logistic regression exhibited 
minimal improvement (accuracy, 0.56; AUC, 0.64; 95% CI, 
0.54‑0.74) while random forest delivered the most robust and 
consistent performance (accuracy, 0.71; AUC, 0.68; 95% CI, 
0.58‑0.78; F1 score, 0.67), underscoring its superior ability 
to leverage multimodal clinical information. From a clinical 
perspective, an AUC of 0.74 indicates acceptable discrimina‑
tive ability, indicating that the model can correctly distinguish 
between patients with prolonged and non‑prolonged LOS 
~74% of the time. This level of performance suggests potential 
utility for early risk stratification in hospital settings, although 
it may still be insufficient as a standalone decision‑making 
tool and should be interpreted in conjunction with clinical 
judgment and other patient‑specific factors. 

Regression performance. The results of regression analysis 
are summarized in Table  III. Using the renal feature set, 
the linear regression model predicted LOS with an MAE of 
1.16 days and explained ~10% of the variance (R2=0.10). The 
random forest model did not yield substantial improvement, 

demonstrating a slightly higher MAE of 1.30 days and a lower 
R2 of 0.04. Models based solely on echocardiographic (LVEF) 
features performed poorly, with both linear and random 
forest regressions explaining minimal variance (R2=0.04 and 
0.09, respectively) and achieving comparable MAE values 
(1.26‑1.27 days). By contrast, incorporating additional clinical 
variables in the combined feature set (renal + LVEF + age + 
sex + diabetes) modestly enhanced predictive performance. 
Linear regression achieved an MAE of 1.24 days (R2=0.09; 
95% CI, 0.00‑0.20), whereas the random forest model improved 
to an MAE of 1.18 days and R2 of 0.26 (95% CI, 0.11‑0.41). 
Although the overall variance explained remained modest, the 
random forest model using combined features demonstrated 
the best balance of predictive accuracy and generalizability 
across all tested configurations.

The comparative performance of predictive models and 
their graphical summaries are presented in (Fig. 2). The ROC 
curve for the logistic regression model trained on the combined 
clinical, renal, and echocardiographic feature set (Fig. 2IA) 
yielded an AUC of 0.64, reflecting modest discriminative 
ability. The curve, which plots the true positive rate against the 
false positive rate across varying thresholds, lies only slightly 
above the diagonal reference line denoting chance‑level clas‑
sification. This indicates that the model captured limited but 
discernible signal within the data, consistent with partial 
discrimination between patients with prolonged versus shorter 

Table II. Performance of predictive models for prolonged hospital LOS in patients with heart failure using different feature sets. 

Feature set	 Model	 Accuracy	 AUC (95% CI)	 Precision	 Recall	 F1

Renal	 Logistic regression	 0.56	 0.68 (0.58‑0.78)	 0.55	 0.38	 0.44
	 Random forest	 0.71	 0.74 (0.65‑0.83)	 0.71	 0.63	 0.67
	 Gradient boosting	 0.68	 0.76 (0.67‑0.85)	 0.69	 0.56	 0.62
Echocardiography (LVEF)	 Logistic regression	 0.50	 0.48 (0.38‑0.58)	 0.44	 0.25	 0.32
	 Random forest	 0.53	 0.52 (0.42‑0.62)	 0.50	 0.81	 0.62
Combined (renal + LVEF +	 Logistic regression	 0.56	 0.64 (0.54‑0.74)	 0.54	 0.44	 0.48
age + sex + diabetes)	 Random forest	 0.71	 0.68 (0.58‑0.78)	 0.71	 0.63	 0.67

Models were evaluated using accuracy, AUC, precision, recall and F1 score. LOS, length of stay; AUC, area under the receiver operating 
characteristic curve; CI, confidence interval; eGFR, estimated glomerular filtration rate; LVEF, left ventricular ejection fraction.

Table III. Regression model performance for predicting hospital LOS in patients with heart failure. 

Feature set	 Model	 MAE (days)	 MSE (days²)	 R² (95% CI)

Renal	 Linear regression	 1.16	 3.28	 0.10 (0.00‑0.21)
	 Random forest regressor	 1.30	 3.50	 0.04 (0.00‑0.14)
Echocardiography (LVEF)	 Linear regression	 1.26	 3.51	 0.04 (0.00‑0.14)
	 Random forest regressor	 1.27	 3.34	 0.09 (0.00‑0.20)
Combined (renal + LVEF +	 Linear regression	 1.24	 3.32	 0.09 (0.00‑0.20)
age + sex + diabetes)	 Random forest regressor	 1.18	 2.70	 0.26 (0.11‑0.41)

Predictive accuracy was evaluated using MAE, MSE and R2. LOS, length of stay; MAE, mean absolute error; MSE, mean squared error; R2, 
coefficient of determination; CI, confidence interval; eGFR, estimated glomerular filtration rate; LVEF, left ventricular ejection fraction.

https://www.spandidos-publications.com/10.3892/wasj.2026.488
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hospital stays. This implies traditional linear models using 
routinely collected variables may have limited utility as stand‑
alone tools for early risk stratification at admission.

Feature importance derived from the random forest clas‑
sifier trained on the same combined feature set is shown in 
Fig. 2B. Age emerged as the most influential predictor (Gini 
importance >0.2), followed by serum urea concentration and 
LVEF. Other renal markers, including eGFR and creatinine, 
also contributed meaningfully, albeit with lower relative 
weights. These results indicate that renal biomarkers and age 
primarily drive model predictions, while echocardiographic 
indices provide comparatively limited incremental value, 
reinforces the clinical relevance of renal function assessment 
at admission 

The association between the predicted and observed LOS 
for the linear regression model based on renal biomarkers is 
displayed in Fig. 2C. The red dashed line represents the line 

of identity, whereas the blue line denotes the model's best‑fit 
regression line. The dispersion of points around the identity 
line indicates that the model captured the general direction of 
the association but with weak correlation, underscoring that 
renal parameters alone explain only a fraction of the variability 
in LOS among patients with HF, hence is insufficient to fully 
explain variability in LOS, highlighting the multifactorial 
nature of HF outcomes.

By contrast, the gradient boosting classifier trained exclu‑
sively on renal biomarkers demonstrated markedly enhanced 
discrimination (AUC, 0.76) (Fig. 2D). The ROC curve rises 
substantially above the diagonal reference line, indicating 
improved sensitivity and specificity in identifying patients 
at risk of prolonged hospitalization. This suggests that more 
advanced models capable of capturing nonlinear relation‑
ships may provide clinically meaningful improvements in 
identifying high‑risk patients early during hospitalization. 

Figure 2. Model performance and feature importance across clinical, renal, and echocardiographic predictors. Comparative performance of predictive models 
using different feature sets. (A) ROC curve for the logistic regression model combining clinical, renal, and echocardiographic variables, showing modest 
discrimination (AUC, 0.64). This suggests limited ability of conventional linear models to reliably distinguish patients at risk of prolonged hospitalization. 
(B) Feature importance from the random forest model, identifying age and serum urea as dominant predictors of prolonged hospitalization. This highlights 
the greater prognostic relevance of renal biomarkers compared with echocardiographic parameters. (C) Association between predicted and observed LOS 
derived from the linear regression model using renal biomarkers, demonstrating weak overall correlation, indicates that renal function alone cannot fully 
explain variability in LOS. (D) ROC curve for the gradient boosting model trained on renal biomarkers, showing the strongest discrimination (AUC, 0.76), 
suggests that advanced models capturing nonlinear relationships may improve early identification of high‑risk patients. ROC, receiver operating characteristic; 
LOS, length of stay.
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Compared with logistic regression and random forest models, 
Gradient boosting more effectively captured nonlinear 
interactions among renal variables, resulting in superior 
predictive accuracy. Collectively, these findings highlight the 
prognostic relevance of renal dysfunction and support the 
utility of ensemble‑based learning approaches for clinical risk 
stratification in HF.

Discussion

The present study demonstrated that renal dysfunction is a key 
determinant of prolonged periods of hospitalization in patients 
with HF, with renal biomarkers consistently outperforming 
echocardiographic parameters in predicting LOS. These 
findings are consistent with previous evidence indicating that 
worsening renal function (WRF) is common in acute HF and 
correlates with longer LOS. Emmens et al (12) reported that 
LOS increased from 2.2 to 4.2 days in patients with WRF. 
Similarly, a cross‑sectional study found that 33.7% of patients 
with HF with reduced ejection fraction (HFrEF) developed 
WRF, which was associated with longer hospitalization and 
higher mortality (13). Collectively, these data highlight renal 
function as a critical determinant of hospital stay duration. 

The association between renal dysfunction and prolonged 
hospital LOS involves the complex pathophysiology of the 
cardiorenal interaction. In HF, reduced cardiac output and 
elevated venous congestion lead to decreased renal perfu‑
sion and increased renal interstitial pressure, impairing 
glomerular filtration. The activation of the neurohormonal 
system, including the renin‑angiotensin‑aldosterone system 
and sympathetic nervous system, further exacerbates sodium 
and water retention, promoting volume overload and diuretic 
resistance. Additionally, systemic inflammation and endothe‑
lial dysfunction contribute to microvascular impairment within 
the kidneys. These mechanisms create a self‑perpetuating 
cycle in which cardiac dysfunction worsens renal function 
and vice versa, ultimately prolonging decongestion time 
and LOS (5,14).

In the present study, predictive modeling further demon‑
strated that renal biomarkers provided stronger discriminatory 
power than echocardiographic parameters such as LVEF. By 
contrast, LVEF demonstrated a limited predictive value for 
LOS. These findings are in agreement with those of previous 
research demonstrating that WRF combined with persis‑
tent congestion contributes to longer hospitalizations and 
poorer outcomes (15). While LVEF reflects left ventricular 
systolic function, it does not adequately capture the hemo‑
dynamic complexity of HF, particularly congestion status, 
right ventricular dysfunction, or filling pressures, which are 
more directly related to hospitalization duration  (16,17). 
AlShammari et al (18) also reported that 27% of patients with 
HF experienced WRF, which was associated with prolonged 
periods of hospitalization and increased complications. Taken 
together, these results suggest that renal function on admission 
reflects acute pathophysiological changes more accurately 
than LVEF alone.

Herein, the addition of demographic or clinical vari‑
ables such as age, sex and diabetes did not meaningfully 
improve model performance. LVEF, despite its traditional 
role in HF stratification, exhibited limited predictive value. 

Schmitt et al (16) similarly observed that LVEF categories, 
reduced ejection fraction, mildly reduced ejection fraction, 
or preserved ejection fraction, did not consistently predict 
LOS or short‑term mortality. Tarekegn et al (19) also found 
that demographic factors had minimal influence, whereas 
clinical features including edema, hepatomegaly and pleural 
effusion were stronger predictors. These findings reinforce 
that structural parameters alone may not adequately capture 
hospitalization risk.

The application of machine learning models in the 
present study further highlights the prognostic value of renal 
biomarkers. Tree‑based ensemble methods, particularly 
random forest and gradient boosting, demonstrated superior 
performance compared to logistic regression, likely due to 
their ability to capture non‑linear association and complex 
feature interaction. These findings are in line with those of 
recent studies which have demonstrated improved predic‑
tive performance when incorporating multidimensional 
clinical data, particularly laboratory parameters, in machine 
learning (20,21). To the best of our knowledge, the present 
study is among the first to directly compare the predictive 
performance of renal biomarkers and echocardiographic 
parameters using both conventional statistical methods and 
machine learning approaches in the Indonesian population. 
This is particularly important given regional differences in 
patient characteristics, healthcare access and disease preven‑
tion, which may limit the generalizability of findings from 
high‑income settings.

Feature importance analysis confirmed that renal 
biomarkers, particularly urea, creatinine and eGFR, along 
with age, were dominant predictors of LOS, while LVEF 
contributed minimally. This underscores the importance 
of assessing renal function at admission for early risk 
stratification. This finding was consistent with the findings 
of the study by Ignatavičiūtė et al (22), in which an eGFR 
≤50 ml/min/1.73 m2 independently predicted LOS >9 days in 
acute HF. Elmaghawry et al (23) also demonstrated that the 
WATCH‑DM score, which includes renal function and age, 
accurately predicted longer hospitalization among patients 
with HF and diabetes (AUC 0.93). Integrating renal param‑
eters into risk assessment therefore provides prognostic value 
beyond conventional measures.

Although renal biomarker‑based models exhibited 
optimal performance, their predictive power remained 
modest (R2<0.30), suggesting that other factors contribute 
to LOS. These may include hemodynamic instability, 
congestion severity, right ventricular dysfunction and comor‑
bidities. Ignatavičiūtė et al (22) identified elevated N‑terminal 
pro‑B‑type natriuretic peptide (NT‑proBNP), low systolic 
pressure and significant tricuspid regurgitation as independent 
predictors for a prolonged LOS. Similarly, Tarekegn et al (19) 
found that edema, hepatomegaly and pleural effusion were 
stronger determinants than demographic characteristics. Thus, 
while renal dysfunction plays a key role, it forms part of a 
multifactorial pathway influencing hospitalization duration.

Clinically, these findings emphasize the importance of 
early renal function assessment as part of a comprehensive 
risk stratification of patients with HF. Routine measurements 
of urea, creatinine and eGFR may help identify patients who 
are at a higher risk for prolonged hospitalization and guide 
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timely interventions. Future multicenter prospective studies 
are required to evaluate whether interventions targeting 
renal dysfunction, such as optimized diuretic therapy, 
NT‑proBNP‑guided management, or multiparametric risk 
scores such as WATCH‑DM, can shorten LOS and improve 
outcomes (23). Including socioeconomic factors, treatment 
adherence and advanced echocardiographic parameters, such 
as right ventricular function and filling pressures may further 
enhance predictive accuracy. Integrating renal biomarkers 
with clinical and social determinants could support a more 
holistic approach to modern HF management (18).

The present study has limitations which should be 
mentioned. The sample size was modest, derived from a single 
center, and no formal sample size calculation was performed 
which may limit generalizability and may introduce potential 
selection bias, as the study population may not fully represent 
the broader spectrum of patients with HF in different healthcare 
settings. Furthermore, the relatively small sample size may 
have limited the robustness and generalizability of the machine 
learning models. Its retrospective design precludes causal infer‑
ence, and unmeasured confounders could have influenced the 
results. Echocardiographic variables beyond LVEF, such as right 
ventricular function or filling pressures, were unavailable and 
may have restricted the ability to fully assess the contribution 
of cardiac structure and hemodynamics to LOS. In addition, 
the absence of external validation limits the ability to confirm 
the generalizability of the predictive models across different 
populations. Despite imputation, missing data could have 
introduced bias. In addition, although machine learning models 
were applied, the relatively small sample size limited the use of 
more complex optimization strategies, and model performance 
should be interpreted with caution. External validation in larger 
multicenter cohorts is warranted.

In conclusion, in the present study, renal dysfunction was 
found to be significantly associated with prolonged periods of 
hospitalization among patients with HF. Predictive modeling 
demonstrated that renal biomarkers outperformed echocar‑
diographic indices such as LVEF in predicting LOS. Among 
the evaluated models, Random forest using renal features 
achieved the strongest overall performance (AUC, 0.74; 
R2=0.26). Collectively, these findings highlight the importance 
of renal function markers in refining risk stratification for 
LOS and should be prioritized during hospital admission for 
patients with HF to enable early risk stratification and guide 
targeted clinical management. While these findings highlight 
the clinical utility of renal biomarkers, further multicenter 
validation is required before widespread implementation.
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