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Abstract

Background: Enteral nutrition (EN) feeding intolerance (ENFI) frequently occurs in intensive care unit (ICU) patients after cardiopul-
monary bypass (CPB)-assisted cardiac surgery and may adversely affect postoperative recovery. However, predictive tools specifically
tailored to this population remain limited. This study aimed to develop and validate an explainable machine learning model to predict
ENFI in postoperative ICU patients following CPB-assisted cardiac surgery. Methods: This retrospective study included 519 adult
patients admitted to the ICU following CPB-assisted cardiac surgery between June 2019 and December 2023. ENFI was assessed within
5 days of EN initiation according to standardized clinical criteria. Thirty-nine perioperative variables were collected. The dataset was
randomly divided into a training cohort (70%) and a testing cohort (30%). Least absolute shrinkage and selection operator (LASSO)
regression was applied for feature selection within the training cohort. Five machine learning algorithms, including support vector ma-
chine (SVM), random forest (RF), decision tree (DT), naive Bayes (NB), and extreme gradient boosting (XGBoost), were developed and
compared. Model performance was evaluated using area under the receiver operating characteristic curve (AUC), calibration analysis,
Brier score, and decision curve analysis (DCA). Shapley Additive Explanations (SHAP) were used to enhance interpretability. Results:
Among the 519 patients, 253 (48.7%) developed ENFI. Fourteen predictors were selected by LASSO regression. In the independent
testing cohort, the RF model demonstrated the highest discriminative performance, with an AUC of 0.864 (95% confidence interval [CI]:
0.804-0.916), sensitivity of 0.747, specificity of 0.815, and a Brier score of 0.155. Calibration curves indicated good agreement between
predicted and observed probabilities, and DCA demonstrated favorable net clinical benefit across a range of threshold probabilities.
SHAP analysis identified vasoactive-inotropic score (VIS), serum creatinine, lactate, delayed EN, and estimated glomerular filtration
rate (¢eGFR) as the most influential predictors. Conclusions: An explainable machine learning model, particularly the RF algorithm,
showed good discrimination and calibration for predicting ENFI in ICU patients after CPB-assisted cardiac surgery. The identified pre-
dictors highlight the importance of hemodynamic instability and organ dysfunction in the development of ENFI and may support early
risk stratification and individualized nutritional management in postoperative ICU patients. However, as this model was developed and
internally validated in a single-center cohort, further external validation in independent populations is required before broader clinical
application.

Keywords: enteral nutrition feeding intolerance; cardiac surgery; cardiopulmonary bypass; machine learning; random forest; intensive
care unit

1. Introduction [8], and increased mortality [9]. Therefore, optimizing sup-

Cardiac surgery requiring cardiopulmonary bypass portive care strategies in this vulnerable population remains

(CPB) remains a cornerstone treatment for complex struc-
tural and ischemic heart diseases [1]. Although surgi-
cal techniques and perioperative management have im-
proved substantially [2], patients requiring intensive care
unit (ICU) admission after CPB continue to experience sig-
nificant physiological stress [3], systemic inflammatory ac-
tivation [4], and hemodynamic instability [5]. These dis-
turbances predispose them to organ dysfunction [6], pro-
longed mechanical ventilation [7], infectious complications

a critical component of postoperative management.

Adequate nutritional support is an essential element of
modern critical care [10]. Current guidelines recommend
early initiation of enteral nutrition (EN) in hemodynami-
cally stable ICU patients [11], including those undergoing
cardiac surgery [12], as early EN may help maintain gut in-
tegrity and improve outcomes [13,14,15]. However, in clin-
ical practice, enteral feeding intolerance (ENFI) frequently
limits effective nutritional delivery, particularly following
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CPB [16]. The mechanisms underlying ENFI in this set-
ting are multifactorial and may include transient splanch-
nic hypoperfusion [17], exposure to vasoactive agents and
sedatives [18], postoperative ileus [19], and systemic in-
flammatory responses [20]. Clinically, ENFI manifests as
gastric residual accumulation, vomiting, abdominal disten-
sion, diarrhea, or failure to achieve prescribed caloric tar-
gets [21], often leading to feeding interruption and cumula-
tive energy deficits. Importantly, ENFI has been linked to
extended ICU stays, infection complications, and a higher
risk of mortality, underscoring its clinical significance [22].

Given these consequences, the early recognition of in-
dividuals at an elevated risk of ENFI is clinically desirable.
Previous investigations into predictors of feeding intoler-
ance in critically ill patients have largely relied on conven-
tional regression-based approaches [23,24]. Although in-
formative, these methods typically assume linear relation-
ships and include a limited number of variables [25], which
may not adequately capture the complex interactions among
hemodynamic instability, inflammatory activation, medica-
tion exposure, and organ dysfunction that characterize the
post-CPB period [26].

In this context, machine learning techniques are in-
creasingly used as an effective approach for risk assessment
in critical care [27]. By accommodating high-dimensional
data and modeling nonlinear associations, machine learn-
ing algorithms are better suited to address the multifactorial
and dynamic nature of postoperative critical illness [28].
Recent studies have applied machine learning methods to
predict ENFI in general ICU populations, reporting encour-
aging predictive performance [29,30]. However, these in-
vestigations were conducted in heterogeneous ICU cohorts,
and their applicability to patients undergoing CPB remains
uncertain [31]. In addition, concerns regarding the explain-
ability of machine learning models have limited their use
in clinical practice. Recently, methods within explainable
artificial intelligence, including Shapley Additive Explana-
tions (SHAP), have been introduced to enhance model in-
terpretability [32].

Against this background, there remains a need for pre-
dictive models specifically developed for ICU patients fol-
lowing CPB-assisted cardiac surgery. Therefore, this study
was designed to develop and validate machine learning-
based models to predict ENFI in this high-risk population.
Furthermore, we incorporated explainable artificial intelli-
gence techniques to elucidate the perioperative risk pattern
and enhance clinical interpretability of the model outputs.

2. Methods
2.1 Study Population

The study design and analytical workflow were illus-
trated in Fig. 1. This retrospective study enrolled adult pa-
tients undergoing cardiac surgery with CPB, all of whom
were subsequently admitted to the ICU at the First Affil-
iated Hospital of Anhui Medical University between June

2019 and December 2023. After applying predefined in-
clusion and exclusion criteria, 519 patients were ultimately
retained for analysis.

The study was approved by the Clinical Research
Ethics Committee of the First Affiliated Hospital of An-
hui Medical University (Approval No. PJ 2025-01-78; ap-
proved on March 20, 2025). All patient data were de-
identified prior to analysis; informed consent was not re-
quired due to the retrospective study design. The inclusion
criteria included: (a) Age >18 years; (b) Underwent car-
diac surgery with CPB and were admitted to the ICU post-
operatively; (c) Received EN via nasogastric or nasoenteric
tube; (d) EN duration >24 hours; and (e) Complete clinical
data available. Exclusion criteria included: (a) History of
gastrointestinal disease or prior gastrointestinal surgery; (b)
Initiation of EN prior to ICU admission; and (¢) Incomplete
clinical records.

2.2 Data Collection

To develop a clinically applicable prediction model,
candidate predictors were identified through a structured
literature review and expert consultation. Variables were
selected according to clinical relevance and their routine
availability in clinical practice. Ultimately, 39 candidate
variables were included for model development.

These variables were categorized into four domains:
preoperative variables, intraoperative variables, first lab-
oratory results within 24 hours after ICU admission, and
treatment-related variables prior to initiation of EN.

(1) Preoperative Variables. Sex, age, height, weight,
body mass index (BMI), a history of hypertension, diabetes
mellitus, hyperlipidemia, or prior cerebral infarction, New
York Heart Association (NYHA) functional class, and left
ventricular ejection fraction (LVEF) before surgery.

(2) Intraoperative Variables. CPB duration, aortic
cross-clamp time, operative time, lactate, and surgical type
(valvular surgery, great vessel surgery, combined valvular
surgery and coronary artery bypass grafting, surgical repair
of congenital heart disease, coronary artery bypass grafting,
other cardiac procedures).

(3) First laboratory results within 24 hours after ICU
admission. White and red blood cell count, platelet count,
hemoglobin, hematocrit, serum albumin, serum alanine
aminotransferase (ALT) and aspartate aminotransferase
(AST), serum creatinine, estimated glomerular filtration
rate (¢éGFR), activated partial thromboplastin time (APTT),
D-dimer, serum potassium, and bicarbonate levels.

(4) Treatment-related variables prior to EN initiation.
Delayed extubation, vasoactive-inotropic score (VIS), de-
layed EN, use of anti-arrhythmic agents, sedatives, opioid
analgesics, antibiotic therapy (single vs. combined), Nutri-
tional Risk Screening 2002 (NRS-2002) score, and Acute
Physiology and Chronic Health Evaluation II (APACHE II)
score were assessed within 24 hours following ICU admis-
sion. Delayed extubation was defined as extubation occur-
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ICU Patients After CPB-Assisted Cardiac Surgery }

Inclusion criteria :

a) Age>18 years;

b) Underwent cardiac surgery with CPB and were
admitted to the ICU postoperatively;

¢) Received EN via nasogastric or nasoenteric tube;

d) EN duration > 24 hours;

e) Complete clinical data available.

Exclusion criteria :

a) History of gastrointestinal disease or prior
gastrointestinal surgery;

b) Initiation of EN prior to ICU admission;

¢) Incomplete clinical records.

Patients with ENFI (n = 253)
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Fig. 1. Study workflow. ICU, intensive care unit; CPB, cardiopulmonary bypass; EN, enteral nutrition; ENFI, enteral nutrition feeding

intolerance; LASSO, least absolute shrinkage and selection operator; SVM, support vector machine; RF, random forest; NB, naive Bayes;

DT, decision tree; XGBoost, extreme gradient boosting; AUC, the area under the receiver operating characteristic curve; DCA, decision

curve analysis; SHAP, Shapley Additive Explanations.

ring later than 24 hours after ICU admission, while delayed
EN referred to initiation of EN later than 48 hours after ICU
admission.

Clinical data were collected from the electronic med-
ical record and nursing documentation system of the First
Affiliated Hospital of Anhui Medical University. All pre-
dictor variables were collected prior to the initiation of EN.
To ensure data accuracy and reliability, two trained inves-
tigators independently collected data using a standardized
data extraction form. Any discrepancies between the two
datasets were reviewed and adjudicated by a third senior
investigator.

2.3 Assessment of ENFI

According to the definition of feeding intolerance pro-
posed by the Abdominal Problems Working Group within
the European Society of Intensive Care Medicine [33], to-
gether with evidence from previous ICU studies, ENFI was
assessed within 5 days of EN initiation among ICU patients
following cardiac surgery.

ENFI was defined as the occurrence of gastrointesti-
nal symptoms that interfered with the continuation or ad-
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vancement of EN, including: (1) vomiting or reflux, de-
fined as visible expulsion of gastric contents or regurgi-
tation of enteral formula; (2) diarrhea, defined as three or
more episodes of loose or watery stools within a 24-hour
period; (3) abdominal distension requiring clinical inter-
vention or adjustment of EN and/or (4) high gastric resid-
ual volume, which was defined as either a single measure-
ment >300 mL requiring intervention or a cumulative vol-
ume >500 mL over 24 hours [30].

Failure to achieve target energy delivery due to
planned hypocaloric feeding strategies or transient hemo-
dynamic instability in the early postoperative period was
not considered ENFI. Patients who tolerated EN without the
above gastrointestinal manifestations, or who transitioned
to full oral intake without symptoms, were classified as en-
teral feeding tolerant.

2.4 Model Development

This study was reported in line with the Transparent
Reporting of a multivariable prediction model for Individ-
ual Prognosis or Diagnosis (TRIPOD) guidelines [34]. The
entire dataset was randomly split into training (70%) and
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testing subsets (30%). The training subset was used for fea-
ture selection, model construction, and hyperparameter op-
timization, whereas the testing subset served for indepen-
dent evaluation of model performance. Patterns of missing
data were examined to assess the underlying mechanism
of missingness. The proportion of missing data for each
variable is summarized in Supplementary Table 1. Vari-
ables with >20% missing values were removed from sub-
sequent analysis. For variables with <20% missingness,
missing data were handled using an iterative imputation
method based on chained equations, implemented via the
Python Iterativelmputer. A single imputed dataset was gen-
erated. For continuous variables, bayesian ridge regression
was used as the estimator, whereas for categorical variables,
a random forest classifier was applied with an initial strat-
egy of ‘most frequent’. The imputation models were fitted
using only the training data and subsequently applied to the
testing data to avoid data leakage.

In this study, all 39 candidate predictors were simul-
taneously incorporated into a Least absolute shrinkage and
selection operator (LASSO) regression model based on the
training dataset. Before model fitting, continuous variables
were scaled via z-score normalization (mean = 0, stan-
dard deviation = 1) to reduce the impact of scale differ-
ences, whereas categorical variables were transformed into
dummy variables and were not normalized. LASSO re-
gression is a regularization-based variable selection method
that introduces an L1 penalty to the regression coefficients.
By shrinking less informative coefficients toward zero,
LASSO effectively performs both variable selection and
model regularization, thereby simplifying the model and re-
ducing the likelihood of overfitting [35]. Given that the
APACHE 1I score is a composite clinical index derived
from multiple physiological variables, it may overlap with
some individual predictors included in the model. How-
ever, all candidate variables were retained during feature
selection to allow the LASSO algorithm to determine their
relative contributions and to account for potential comple-
mentary predictive information.

Ten-fold cross-validation was performed on the train-
ing dataset to determine the optimal regularization parame-
ter (1), which governs the penalty magnitude. Two A values
were obtained: A.min, corresponding to the lowest cross-
validated error, and A.lse, representing a more parsimo-
nious model within one standard error of the minimum. We
selected A.1se to determine the final set of predictors, as this
approach balances predictive performance with clinical fea-
sibility by retaining a limited number of relevant variables
that are readily available in routine practice. Importantly,
LASSO-based feature selection was performed exclusively
within the training dataset after data splitting, and the in-
dependent testing dataset was not involved in any stage of
feature selection, thereby avoiding potential data leakage.
Variable selection stability across resampling iterations was
not formally assessed, however the use of cross-validation

and the A.1se criterion was intended to improve the robust-
ness and generalizability of the selected predictors.

Using the selected predictors, five machine learning
models were developed for predicting ENFI, namely sup-
port vector machine (SVM), random forest (RF), decision
tree (DT), naive Bayes (NB), and extreme gradient boosting
(XGBoost). To prevent information leakage, hyperparam-
eter tuning was conducted exclusively within the training
dataset. For each algorithm, five-fold cross-validation was
performed to optimize model-specific hyperparameters and
determine the optimal configuration. The optimized mod-
els were then retrained using the full training dataset and
subsequently assessed on an independent testing dataset to
evaluate predictive performance. Details of the hyperpa-
rameter search space and the final tuned values for each
model are presented in Supplementary Table 2 to enhance
reproducibility.

Given that machine learning models are often consid-
ered “black box” approaches, SHAP was employed to im-
prove model transparency and interpretability [36]. SHAP
values were used to assess both the overall importance of
predictors and their effects at the individual level on the
predicted risk of ENFI. This approach enables visualization
of feature contributions and directional effects, facilitating
clinical interpretation and providing insights into potential
underlying mechanisms associated with feeding intolerance
in postoperative cardiac ICU patients. Accordingly, SHAP
analysis was performed on the best-performing model.

2.5 Statistical Analysis

Baseline characteristics were analyzed in patients with
and without ENFI, as well as across the training and testing
datasets to evaluate the adequacy of random data splitting.

Continuous variables were evaluated for distribution
using the Shapiro-Wilk test. Data with normal distribution
were presented as mean + standard deviation (SD) and were
compared using either the Student’s #-test or Welch’s #-test
based on variance homogeneity. Non-normally distributed
variables were reported as median (IQR) and analyzed us-
ing the Wilcoxon rank-sum test. Categorical variables were
expressed as n (%) and analyzed using the chi-square test
or Fisher’s exact test when appropriate.

All statistical analyses were performed using two-
sided tests, with p-value < 0.05 indicating statistical signif-
icance.

2.6 Model Evaluation

The predictive performance of the machine learning
models was assessed using a range of metrics, including
discrimination, calibration, and clinical utility. All met-
rics were derived from the independent testing dataset. The
final model was selected based on the highest area un-
der the receiver operating characteristic curve (AUC) in
the independent testing dataset. When multiple models

&% IMR Press


https://www.imrpress.com

Table 1. Baseline and perioperative characteristics of patients with and without ENFI.

Variables Patients with ENFI (n = 253) Patients without ENFI (n = 266) p-value
Male, n 179 (70.8) 164 (61.7) 0.029*
Age, (years) 60.0 (50.0-69.0) 61.0 (55.0-70.0) 0.045*
BMI, (kg/m?) 24.8 (21.9-27.7) 24.2(21.2-27.2) 0.103
Hypertension, n 139 (54.9) 107 (40.2) <0.001%*
NYHA functional class 0.037*
2,n 4(1.6) 9334

3,n 217 (85.8) 239 (89.8)

4,n 32 (12.6) 18 (6.8)

LVEF, (%) 56.0 (47.0-60.0) 57.0 (51.0-60.0) 0.005*
CPB duration, (min) 186.0 (146.0-222.0) 162.0 (135.0-199.0) <0.001*
Aortic cross-clamp time, (min) 129.0 (95.0-154.0) 110.0 (84.0-142.0) 0.002*
Operative time, (min) 400.0 (330.0-479.0) 340.0 (290.0—430.0) <0.001*
Lactate, (mmol/L) 5.1(2.5-8.4) 2.7 (2.1-3.7) <0.001*
Platelet count, (10°/L) 98.0 (71.0-143.0) 119.0 (85.0-161.0) <0.001*
Serum albumin, (g/L) 30.1 (27.5-33.6) 30.4 (27.4-33.2) 0.748
Serum creatinine, (umol/L) 106.5 (78.6-150.4) 77.1 (62.8-94.4) <0.001*
eGFR, (mL/min/1.73 m?) 65.7+31.0 84.9 £23.7 <0.001*
D-dimer, (ng/mL) 3.0 (1.5-6.0) 1.6 (1.0-3.0) <0.001*
Delayed extubation, n 228 (90.1) 182 (68.4) <0.001*
VIS 22.0 (17.0-26.0) 15.0 (14.0-18.0) <0.001*
APACHE 11 score 15.0 (12.0-17.0) 12.0 (10.0-14.0) <0.001*
Delayed EN, n 162 (64.0) 47 (17.7) <0.001*
Use of anti-arrhythmic agents, n 223 (88.1) 179 (67.3) <0.001%*
Use of sedatives, n 230 (90.9) 195 (73.3) <0.001*
Use of opioid analgesics, n 80 (31.6) 24 (9.0) <0.001*
Antibiotic therapy: combined, n 227 (89.7) 172 (64.7) <0.001*

Values are presented as mean + standard deviation (SD), median (interquartile range, IQR), or n (%), as appropri-

ate. Continuous variables were compared using Student’s #-test, Welch’s #-test, or the Wilcoxon rank-sum test, as

appropriate. Categorical variables were compared using the chi-square test or Fisher’s exact test. *p-value < 0.05;

ENFI, enteral nutrition feeding intolerance; BMI, body mass index; NYHA functional class, New York Heart As-

sociation functional class; LVEF, left ventricular ejection fraction; CPB, cardiopulmonary bypass; eGFR, estimated

glomerular filtration rate; VIS, vasoactive-inotropic score; APACHE Il score, Acute Physiology and Chronic Health

Evaluation II score; EN, enteral nutrition.

showed comparable performance, model simplicity and in-
terpretability were also considered.

Discrimination performance was primarily evalu-
ated using the AUC. The receiver operating characteristic
(ROC) curve was generated by plotting sensitivity against
the false positive rate across different probability thresh-
olds. Additional metrics, including accuracy, sensitivity,
specificity, and Fl-score, were also computed to further
characterize classification performance [37]. The F1-score,
representing the harmonic mean of precision and sensitiv-
ity, was used to account for potential class imbalance. The
optimal cutoff value was selected based on the Youden in-
dex.

Model calibration was evaluated using both the Brier
score and calibration curves. The Brier score was defined as
the average squared difference between predicted probabil-
ities and observed outcomes, with lower values reflecting
better model performance. Calibration curves were gener-
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ated using bootstrap resampling (500 repetitions) to mini-
mize potential optimism bias, by comparing observed event
rates with predicted probabilities across risk deciles.

Clinical utility was assessed using decision curve anal-
ysis (DCA) with 500 bootstrap iterations. DCA estimates
the net clinical benefit of the model across different thresh-
old probabilities by accounting for the trade-off between
false-positive and false-negative results. Model perfor-
mance was compared with two default strategies: treating
all patients and treating none.

All statistical analyses, model development, and
model evaluation were conducted in R (version 4.5.0, R
Foundation for Statistical Computing, Vienna, Austria)
and Python (version 3.13.5, Python Software Foundation,
Wilmington, Delaware, USA).
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Fig. 2. Feature selection using Least absolute shrinkage and selection operator (LASSO) regression in the training cohort. (A)

LASSO coefficient profiles of the 39 candidate variables plotted against log(}), illustrating the trajectory of each variable coefficient

as the penalty parameter increases. As A increases, coefficients shrink toward zero, and variables are progressively excluded from the

model. (B) Ten-fold cross-validation curve for selecting the optimal A value. The vertical blue dashed line indicates A.min (A = 0.0184),

corresponding to the minimum cross-validated binomial deviance, while the green dashed line represents A.1se (A = 0.0388), the most

parsimonious model within one standard error of the minimum deviance. The A.1se value was selected to determine the final set of

predictors.

3. Results
3.1 Baseline Characteristics

A total of 519 patients were ultimately included in the
analysis. Based on predefined criteria, 266 patients were
categorized as enteral feeding tolerant, whereas 253 were
identified as having ENFI, corresponding to an incidence
of 48.7%. Baseline and perioperative characteristics of the
study cohort are presented in Table 1, and 39 candidate pre-
dictors are detailed in Supplementary Table 3.

Patients who developed ENFI demonstrated a dis-
tinctly higher preoperative risk burden. Male sex and hy-
pertension were more prevalent in this group (p = 0.029
and p <0.001, respectively). Indicators of baseline disease
severity differed substantially, with worse cardiac func-
tional status as reflected by NYHA functional class (p =
0.037). Intraoperative features further indicated increased
procedural complexity and physiological stress among pa-
tients who subsequently developed ENFI. These individu-
als experienced longer CPB duration and extended opera-
tive time (both p < 0.001), accompanied by significantly
elevated lactate (p < 0.001). Early postoperative assess-
ment revealed more pronounced renal dysfunction in the
ENFI group. LVEF was significantly lower (p = 0.005),
and eGFR was significantly reduced (p < 0.001). Before
initiation of EN, patients with ENFI required greater hemo-
dynamic support, reflected by higher VIS (p < 0.001), and
were more likely to undergo delayed extubation (p <0.001),
and had higher APACHE II scores (p < 0.001). Delayed
EN was also significantly more frequent in this group (p <
0.001).

3.2 Model Development

To reduce dimensionality and mitigate overfitting,
LASSO regression was performed on the 39 candidate pre-
dictors in the training cohort. As illustrated in Fig. 2A,
the coefficient trajectories of all 39 candidate predictors are
plotted against log(L), demonstrating how increasing pe-
nalization progressively shrinks coefficients toward zero.
Variables were sequentially excluded from the model as A
increased, and only predictors with non-zero coefficients
at the selected A value were retained. Ten-fold cross-
validation was performed to identify the optimal penalty pa-
rameter (Fig. 2B). Although the minimum cross-validated
binomial deviance occurred at .min = 0.0184, a more par-
simonious A value (A.1se = 0.0388), corresponding to one
standard error above the minimum, was chosen to improve
model stability.

At A.1se, 14 predictors with non-zero coefficients
were retained for subsequent model development: age,
APACHE 1I score, lactate, serum albumin, serum creati-
nine, eGFR, LVEF, NYHA functional class, VIS, delayed
EN, surgical type, use of anti-arrhythmic agents, use of
opioid analgesics, and antibiotic therapy. These predictors
were subsequently used to develop machine learning mod-
els.

3.3 Model Performance

All 519 patients were randomly divided into training
and testing cohorts at a 7:3 ratio, yielding 363 patients in the
training cohort and 156 in the testing cohort. Comparisons
of baseline and perioperative characteristics across all can-
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Fig. 3. Receiver operating characteristic (ROC) curves of five machine learning models in the independent testing cohort. The

ROC curves illustrate the discriminative performance of the support vector machine (SVM), random forest (RF), decision tree (DT),

naive Bayes (NB), and extreme gradient boosting (XGBoost) models for predicting enteral feeding intolerance. The area under the curve

(AUQC) values are reported for each model, with higher AUC indicating better discrimination.

didate variables showed no significant differences between
the two cohorts (Supplementary Table 4), supporting their
comparability for subsequent model validation.

The performance of five machine learning models was
assessed in the independent test cohort (Fig. 3, Table 2).
Among these models, the RF classifier demonstrated the
best discriminative ability, with an AUC of 0.864 (95% CI:
0.804-0.916), followed by the SVM model, which achieved
an AUC of 0.860 (95% CI: 0.795-0.913). XGBoost yielded
an AUC of 0.851 (95% CI: 0.791-0.903). In contrast, NB
and DT demonstrated comparatively lower discriminative
ability, with AUC of 0.803 (95% CI: 0.729-0.865) and
0.762 (95% CI: 0.685—-0.834), respectively.

In terms of overall accuracy, SVM achieved the
highest value (0.788), followed by RF (0.782), XGBoost
(0.769), NB (0.756), and DT (0.705). Based on the cutoff
corresponding to the highest Youden index, RF achieved
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the greatest sensitivity (0.747), whereas SVM exhibited
slightly higher specificity (0.840 vs. 0.815). NB and XG-
Boost both achieved a specificity of 0.827, while DT had
the lowest specificity (0.691). Regarding F1-score, SVM
yielded the highest value (0.769), closely followed by RF
(0.767).

Calibration performance was assessed using Brier
scores (Table 2) and bootstrap-based calibration curves in
the independent test cohort (Fig. 4). SVM achieved the
lowest Brier score (0.153), followed closely by RF (0.155),
indicating superior overall calibration compared with XG-
Boost (0.201), NB (0.227), and DT (0.257). Visual inspec-
tion indicated that the calibration curves of RF and SVM
closely matched the observed probabilities across most risk
strata and were well aligned with the ideal 45° reference
line. The bootstrap-derived error bars were relatively nar-
row, suggesting stable probability estimation. XGBoost
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Table 2. Predictive performance of five machine learning models in the independent testing cohort.

Model AUC (95% CI) Accuracy Sensitivity Specificity Fl-score Brier score
SVM 0.860 (0.795-0.913)  0.788 0.733 0.840 0.769 0.153
RF 0.864 (0.804-0.916)  0.782 0.747 0.815 0.767 0.155
NB 0.803 (0.729-0.865)  0.756 0.680 0.827 0.729 0.227
DT 0.762 (0.685-0.834)  0.705 0.720 0.691 0.701 0.257
XGBoost 0.851 (0.791-0.903)  0.769 0.707 0.827 0.746 0.201

AUC, the area under the receiver operating characteristic curve; CI, confidence interval; SVM, support

vector machine; RF, random forest; NB, naive Bayes; DT, decision tree; XGBoost, extreme gradient

boosting.

A SVM B

RF C NB

D DT

Observed probability
o
o

0.0 02 04 06 08 1000 02

0.6 08 1.0

Predicted probability

Fig. 4. Calibration curves of five machine learning models in the independent testing cohort. Calibration plots compare predicted

probabilities with observed event rates of enteral feeding intolerance. The 45° diagonal line represents perfect calibration. Curves closer

to the reference line indicate better agreement between predicted and observed outcomes. Bootstrap resampling (500 repetitions) was
applied to reduce optimism bias. (A) Support vector machine (SVM). (B) Random forest (RF). (C) Naive Bayes (NB). (D) Decision tree

(DT). (E) Extreme gradient boosting (XGBoost).

demonstrated moderate calibration with slight deviation in
the intermediate probability range. In contrast, NB and DT
exhibited more pronounced departures from the reference
line and wider variability, reflecting less stable probability
estimation.

DCA was performed to assess the clinical usefulness
of the models in the test cohort (Fig. 5). Over a wide
range of clinically relevant threshold values, RF and SVM
consistently provided greater net clinical benefit compared
with the strategies of treating all patients or none. Although

XGBoost provided positive net benefit within intermediate
threshold ranges, its performance was generally inferior to
that of RF and SVM. NB and DT showed limited clinical
utility, with narrower threshold ranges and lower net ben-
efit. Bootstrap resampling indicated relatively stable net
benefit for RF and SVM, whereas NB and DT exhibited
greater variability.

Overall, RF achieved the highest AUC in the inde-
pendent test dataset, indicating superior discriminative per-
formance among the evaluated models. Although SVM
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A SVM B

RF C NB

—— SWM
=== Treat All
0.5 1 —— Treat None

— RF
=== Treat All
—— Treat None

— NB
=== Treat All
—— Treat None

XGBoost

Net Benefit

DT
=== Treat All
0.5 1 —— Treat None

—— XGBoost
=== Treat All
—— Treat None

0.0 0.2 0.4 0.6 0.8 0.0 0.2

0.4 0.6 0.8

Threshold Probability

Fig. 5. Decision curve analysis (DCA) of five machine learning models in the independent testing cohort. DCA evaluates the clinical

utility of each model by calculating the net benefit across a range of threshold probabilities. The pink curve represents the strategy of

treating all patients, and the horizontal brown line represents treating none. Models demonstrating higher net benefit within clinically

relevant threshold ranges indicate greater potential clinical usefulness. (A) Support vector machine (SVM). (B) Random forest (RF). (C)
Naive Bayes (NB). (D) Decision tree (DT). (E) Extreme gradient boosting (XGBoost).

demonstrated comparable discriminative and calibration
performance, RF was selected as the final model in ac-
cordance with the prespecified model selection criteria.
Specifically, when model performance was comparable, RF
was preferred due to its relative simplicity and interpretabil-

ity.
3.4 Model Interpretability

To improve model interpretability, SHAP analysis
was applied to the RF model using the independent test-
ing cohort. The results are presented in Fig. 6, including
global feature importance (Fig. 6A), the SHAP summary
distribution (Fig. 6B), and an individual-level explanation
(Fig. 6C).

As shown in Fig. 6A, VIS ranked highest in terms of
mean absolute SHAP value, indicating the greatest over-
all contribution to model output magnitude. Serum creati-
nine, delayed EN, lactate, and eGFR were also among the
most influential predictors, demonstrating substantial aver-
age impact on predicted risk.
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The SHAP summary plot (Fig. 6B) further depicts the
extent and direction of feature contributions. Higher VIS
levels were mainly linked to positive SHAP contributions,
suggesting an elevated predicted risk of ENFI. Similarly, el-
evated serum creatinine, higher lactate levels, and delayed
EN were mainly distributed on the positive SHAP side, sug-
gesting that these factors contributed to higher predicted
risk. In contrast, eGFR showed an inverse pattern: lower
eGFR values were largely associated with positive SHAP
values, whereas higher eGFR values tended to shift predic-
tions toward lower risk. Clinical severity, as reflected by a
higher APACHE 1I score, also demonstrated a positive as-
sociation with predicted risk.

The individual force plot (Fig. 6C) provides a case-
specific explanation of model prediction. For the illustrated
patient, features such as antibiotic therapy, elevated VIS,
and delayed EN contributed to an upward shift in predicted
risk, whereas lactate and serum creatinine exerted offsetting
effects. This visualization illustrates how multiple periop-
erative variables are combined by the model to produce an
individualized risk estimate.
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Fig. 6. SHAP-based interpretability analysis of the random forest model in the independent testing cohort. (A) Global feature im-

portance ranked according to mean absolute SHAP values, representing the average impact of each predictor on model output magnitude.

(B) SHAP summary plot showing both the magnitude and direction of feature effects. Each dot represents one patient. Positive SHAP

values indicate increased predicted risk of enteral feeding intolerance, whereas negative values indicate reduced risk. Feature values are

encoded by color (red = high; blue = low). (C) SHAP force plot for an individual patient. Red segments indicate features contributing

to higher predicted risk, whereas blue segments indicate features with protective effects, illustrating how the prediction is derived from

the base value to the final output. VIS, vasoactive-inotropic score; EN, enteral nutrition; eGFR, estimated glomerular filtration rate;

APACHE II score, Acute Physiology and Chronic Health Evaluation II score; LVEF, left ventricular ejection fraction.

Overall, the SHAP analysis revealed a coherent pat-
tern in which circulatory instability, renal dysfunction,
metabolic disturbance, and delayed nutritional initiation
were the principal drivers of model prediction.

4. Discussion

This study involved the development and validation
of five machine learning models for predicting ENFI in
ICU patients undergoing CPB-assisted cardiac surgery. Of
the evaluated models, the RF model showed the best over-
all performance, with strong discrimination, good calibra-
tion supported by bootstrap resampling, and meaningful net
clinical benefit across a wide range of clinically relevant
threshold values. Importantly, SHAP-based interpretabil-
ity analysis enhanced model transparency and suggested
a coherent perioperative risk pattern centered on hemody-
namic instability, impaired tissue perfusion, organ dysfunc-
tion, and postoperative stress response.

ENFT has been increasingly recognized as a clinically
relevant complication in critically ill patients, as it is asso-
ciated with prolonged mechanical ventilation, higher infec-
tion rates, and extended ICU stays [38]. In the context of
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cardiac surgery, ENFI may further delay recovery and com-
plicate postoperative management. A previous study [39] in
2021 compared clinical characteristics between tolerant and
intolerant patients after cardiac surgery, identifying several
associated factors, however, no predictive model was con-
structed. In contrast, recent investigations in other critical
care populations—including patients with severe acute pan-
creatitis and neurocritical illness—have applied logistic re-
gression or machine learning techniques to develop predic-
tive tools for ENFI [40,41]. While these studies highlight
the feasibility of predictive modeling, their findings may
not be directly generalizable to the post-CPB population
[1]. To date, no study has established a dedicated predic-
tive model for ENFI specifically in ICU patients undergo-
ing CPB-assisted cardiac surgery.

The SHAP analysis provides important insight into
the biological plausibility of the model [32]. Among all
predictors, the VIS emerged as the most influential vari-
able. Elevated VIS reflects greater dependence on vasoac-
tive agents to maintain hemodynamic stability and serves as
a surrogate marker of circulatory failure [42]. In the con-
text of CPB, impaired myocardial performance, vasople-
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gia, and systemic inflammatory response may necessitate
escalating pharmacological support [43]. Increased vasoac-
tive requirements are closely associated with compromised
splanchnic blood flow. The gastrointestinal tract is partic-
ularly sensitive to hypoperfusion due to its high metabolic
demand and complex microvascular regulation [44]. Re-
duced mesenteric perfusion can lead to mucosal ischemia,
epithelial barrier dysfunction, and impaired gastrointestinal
motility, all of which predispose patients to ENFI [45]. The
dominant contribution of VIS in the model underscores the
central role of circulatory stability in maintaining enteral
feeding tolerance.

Lactate also demonstrated a strong positive associa-
tion with ENFI risk. Lactate accumulation reflects an im-
balance between oxygen delivery and metabolic demand
and is widely recognized as an indicator of global tissue
hypoperfusion [46]. In the post-CPB setting, elevated lac-
tate may signify systemic oxygen debt and microcircula-
tory dysfunction [47]. From a gastrointestinal perspec-
tive, sustained or severe hyperlactatemia may correlate with
splanchnic hypoxia and subsequent dysmotility [48]. The
combined prominence of VIS and lactate in the SHAP
ranking suggests that the model captures a “hemodynamic-
metabolic axis” of risk, in which pharmacologically sup-
ported circulatory compromise and biochemical evidence
of hypoperfusion jointly increase susceptibility to ENFIL.
These results suggest that the predictive ability of the model
is not driven by any single variable, but rather by the com-
bined contribution of variables reflecting impaired perfu-
sion and circulatory instability. Such a pattern-based rep-
resentation may explain the superior performance of the
model compared with traditional approaches relying on in-
dividual risk factors. Notably, hemodynamic instability and
impaired tissue perfusion—captured by variables such as
VIS and lactate—have been consistently recognized as key
determinants of adverse outcomes in critically ill patients
[5,46], further supporting the clinical relevance and plausi-
bility of these predictors in our model.

Renal function markers, including serum creatinine
and eGFR, formed another key component of the predictive
architecture. Renal dysfunction after CPB is common and
reflects both ischemic injury and inflammatory-mediated
damage [49]. Importantly, acute kidney injury and gas-
trointestinal dysfunction frequently coexist in critically ill
patients, possibly due to shared mechanisms such as mi-
crovascular dysregulation, endothelial injury, and systemic
inflammation [50]. Impaired renal function may also con-
tribute to fluid overload and interstitial edema, further com-
promising gut wall perfusion and motility [51]. The in-
verse relationship between eGFR and predicted ENFI risk
observed in our analysis reinforces the concept of multi-
organ cross-talk, whereby renal vulnerability parallels gas-
trointestinal intolerance. Together, these findings suggest
that the predictive value of renal-related variables in the
model extends beyond kidney function itself and reflects
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broader systemic interactions between organ systems, rein-
forcing the concept that ENFI is closely linked to systemic
physiological dysfunction rather than isolated gastrointesti-
nal pathology.

Global severity indicators, particularly the APACHE
II score, contributed meaningfully to model predictions, un-
derscoring the influence of systemic physiological derange-
ment on gastrointestinal tolerance [52]. The APACHE
II score integrates multiple physiological domains and re-
flects the overall burden of acute illness in critically ill
patients. Higher scores likely indicate intensified inflam-
matory activation, autonomic dysregulation, impaired or-
gan perfusion, and metabolic stress in the early postoper-
ative period. Such systemic instability may compromise
splanchnic circulation and disrupt gastrointestinal motility
and barrier integrity, thereby predisposing patients to ENFI
[33]. These findings support the concept that ENFI in post-
cardiac surgery ICU patients should be viewed as a mani-
festation of global physiological stress rather than an iso-
lated gastrointestinal event [38]. Importantly, the simulta-
neous inclusion of both composite severity scores and in-
dividual physiological variables allows the model to cap-
ture risk at multiple levels, including overall disease sever-
ity and more granular physiological characteristics. This
multi-level representation may enhance predictive perfor-
mance and reflects a key advantage of machine learning
approaches in modeling complex clinical conditions. This
layered representation aligns with the complex pathophys-
iology of ENFI, which arises from the interaction of sys-
temic and organ-specific processes rather than a single iso-
lated pathway.

Perioperative management variables provided addi-
tional clinically relevant signals. Delayed EN was associ-
ated with a higher predicted risk of ENFI. Although causal
inference is not possible in this retrospective analysis, de-
layed feeding may reflect underlying hemodynamic insta-
bility, as clinicians are often cautious in initiating enteral
support in unstable patients [53]. At the same time, pro-
longed lack of enteral stimulation may adversely affect gut
barrier function and gastrointestinal motility [54]. Previous
studies [55] have suggested that early EN helps preserve
mucosal integrity and support immune function. Therefore,
the observed association between feeding timing and ENFI
may have practical implications for individualized nutri-
tional strategies.

From a clinical standpoint, the development of a pre-
dictive tool for ENFI in post-CPB ICU patients addresses
a critical unmet need. Nutritional therapy is a corner-
stone of postoperative critical care, yet intolerance often
leads to feeding interruptions, and prolonged ICU stays
[22]. Early identification of patients at high risk of ENFI
may enable proactive strategies, including optimization of
hemodynamic parameters, adjustment of vasoactive sup-
port, careful fluid management, and individualized ad-
vancement of enteral feeding. The favorable DCA observed
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in our study suggests that application of the RF model may
confer a meaningful net benefit compared with uniform
feeding strategies. Moreover, because the included predic-
tors are routinely available, integration into electronic clin-
ical workflows appears feasible.

One of the key strengths of this study lies in the ap-
plication of SHAP analysis to improve model interpretabil-
ity. However, machine learning models are frequently crit-
icized for limited transparency, which may hinder their
adoption in clinical practice. In our analysis, the most influ-
ential predictors such as VIS, serum creatinine, and lactate
are clinically plausible and consistent with mechanisms of
splanchnic hypoperfusion and systemic inflammation. This
concordance between model output and established physio-
logical knowledge supports the credibility of the model and
may improve clinician confidence in its application. There-
fore, the RF model does not function as an isolated statisti-
cal tool, but rather reflects clinically recognizable patterns
of circulatory and metabolic dysfunction associated with
ENFI. Therefore, the model output is not only statistically
robust but also clinically interpretable, which is essential
for real-world application in critical care settings.

Taken together, our findings suggest that EN feeding
intolerance in post-CPB ICU patients reflects a state of sys-
temic physiological vulnerability characterized by circula-
tory instability, impaired tissue perfusion, metabolic stress,
and multiorgan interaction. Rather than being merely an
isolated gastrointestinal dysfunction, ENFI in this popula-
tion appears to be closely linked to global hemodynamic
and organ dysfunction in the early postoperative period. By
integrating routinely available perioperative variables, the
present model provides a clinically interpretable risk pat-
tern that may facilitate earlier recognition of high-risk pa-
tients and support more individualized nutritional manage-
ment strategies.

Limitations

Several limitations should be acknowledged. First,
this study was conducted at a single center with a retro-
spective design, which may restrict its applicability to other
cardiac surgery populations with different operative tech-
niques, CPB management strategies, or nutritional prac-
tices. Second, although internal validation and bootstrap-
based calibration were undertaken, further validation in in-
dependent multicenter cohorts is required before broader
clinical application. Third, the model relied on static pe-
rioperative variables, incorporation of dynamic hemody-
namic and perfusion indices may further refine prediction
accuracy. Fourth, the observational design precludes causal
inference regarding the identified predictors. Finally, vari-
able selection using LASSO may be influenced by multi-
collinearity among predictors, and the stability of selected
variables across different resampling iterations was not for-
mally assessed. In particular, clinically related variables
(e.g., serum creatinine and eGFR) may compete during pe-
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nalized selection, potentially affecting the robustness of
feature selection.

5. Conclusions

In this retrospective study, we developed and inter-
nally validated a machine learning-based prediction model
for EN feeding intolerance in ICU patients following CPB-
assisted cardiac surgery. Among the evaluated algorithms,
the RF model demonstrated favorable discrimination, cal-
ibration, and potential clinical utility. The model enables
early risk stratification using routinely collected periopera-
tive data and may assist clinicians in optimizing individ-
ualized nutritional strategies in this high-risk population.
However, external validation in multicenter cohorts is nec-
essary before the model can be generalized to broader clin-
ical settings.
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