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Abstract
Background  Patients undergoing cardiac surgery are at high risk of severe immediate postoperative complications. 
Predicting immediate postoperative adverse events remains challenging owing to the complex and nonlinear 
interplay of numerous risk factors. This study aimed to develop and externally validate a machine-learning (ML) model 
to predict critical outcomes during the immediate postoperative period after cardiac surgery.

Methods  Adult patients who underwent cardiac surgery at Seoul National University Hospital (SNUH) between 
October 2004 and October 2021 were included for model development and internal validation. Thirty-seven 
preoperative and intraoperative variables were used as model inputs. The primary outcome was a composite of 
reoperation for bleeding, death, cardiac arrest, and initiation of mechanical circulatory support with extracorporeal 
membrane oxygenation (ECMO) or intra-aortic balloon pump (IABP) within 24 h after surgery. An extreme gradient 
boosting (XGBoost) model was developed as the primary model and compared with a least absolute shrinkage 
and selection operator (LASSO) regularized logistic regression model. An equal-weighted ensemble of the two 
models was additionally constructed. Model performance was assessed using the area under the receiver operating 
characteristic curve (AUROC) with 95% confidence intervals (CIs), and pairwise comparisons were performed using 
DeLong’s test. For external validation, we analyzed data from Seoul National University Bundang Hospital (SNUBH) and 
Severance Hospital.

Results  A total of 7,946 patients from SNUH were used for model development, with external validation performed 
in 2,270 patients from SNUBH and 1,966 patients from Severance Hospital. The incidence of the composite outcome 
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Introduction
 Patients undergoing cardiac surgery are at high risk of 
major postoperative complications, which are associated 
with increased risk of multi-organ dysfunction and poor 
clinical outcomes [1, 2]. A previous study conducted in 
the United States between 2012 and 2021 reported a 
28.5% incidence of major adverse events, including in-
hospital mortality and cardiac complications [3].

Among these complications, severe postoperative 
events — such as cardiac arrest, reoperation for bleeding, 
initiation of mechanical circulatory support, and death 
— represent particularly critical events requiring urgent 
intervention. Cardiac arrest occurs in approximately 0.7% 
of patients within the first 24 h after cardiac surgery, and 
reoperation for bleeding in 5–9% within the same period 
[4, 5]. In a large cohort study, 15% of all in-hospital mor-
tality after cardiac surgery has been reported to occur 
on postoperative day 0, and postcardiotomy cardiogenic 
shock requiring mechanical circulatory support compli-
cates 2–6% of cardiac surgical procedures [6, 7]. 

Effective prevention and timely management of these 
complications during the immediate postoperative period 
are essential. The first 24 h after cardiac surgery represent 
a critical transition phase in which patients either recover 
sufficiently to be transferred from the intensive care unit 
to a general ward or require continued intensive moni-
toring and rapid intervention due to an elevated risk of 
hemodynamic deterioration [8]. However, conventional 
methods for predicting such events often rely on clinical 
intuition, which is limited by subjectivity, variability, and 
a lack of reproducibility.

Machine learning (ML) algorithms have recently 
emerged as powerful tools for predictive analytics in 
perioperative medicine, including risk prediction after 
cardiac surgery [9]. Several studies have demonstrated 
that ML-based models can perform comparably or supe-
riorly to traditional risk stratification systems, such as the 
EuroSCORE [10] and the Society of Thoracic Surgeons 
(STS) score [11–16]. Nevertheless, most previous ML 
studies have primarily focused on long-term outcomes, 

and few have specifically addressed the prediction of 
severe adverse events occurring in the immediate post-
operative period after cardiac surgery. Moreover, owing 
to their complexity and large number of parameters, ML 
models are prone to overfitting. Therefore, external vali-
dation is essential to assess their generalizability and clin-
ical applicability [17]. 

Accordingly, this study aimed to develop and externally 
validate an ML-based predictive model for severe imme-
diate postoperative complications within the first 24  h 
following cardiac surgery. Accurate and timely identifica-
tion of patients at high risk for severe immediate postop-
erative complications may facilitate optimized resource 
allocation and improve patient outcomes.

Methods
Study design and population
This retrospective study was conducted at three tertiary 
hospitals; Seoul National University Hospital (SNUH), 
Seoul National University Bundang Hospital (SNUBH), 
and Severance Hospital. The study protocol was approved 
by the institutional review boards of all participating 
institutions (SNUH, IRB no. 2210-145-1373, approved 
November 8, 2022; SNUBH, IRB no. B-2309-852-405, 
approved August 25, 2023; and Severance Hospital, IRB 
no. 4-2023-0881, approved August 31, 2023). All research 
procedures were conducted in accordance with the Dec-
laration of Helsinki and relevant institutional guidelines 
and regulations. The requirement for informed consent 
was waived by each institutional review board due to the 
retrospective nature of the study.

Adult patients (≥ 18 years) who underwent cardiac 
surgery at SNUH between October 2004 and October 
2021 were eligible for inclusion in the study. Data from 
SNUBH were collected for surgeries performed between 
June 2007 and December 2021 and data from Severance 
Hospital were collected for surgeries performed between 
January 2019 and June 2022. We included only major car-
diac surgeries lasting more than 4 h, and for patients who 
underwent multiple cardiac surgeries during the study 

was 5.93%, 1.37%, and 2.49% at SNUH, SNUBH, and Severance Hospital, respectively. The XGBoost model achieved 
an AUROC of 0.804 (95% CI, 0.707–0.891) in internal validation, and 0.735 (95% CI, 0.636–0.829) and 0.712 (95% CI, 
0.630–0.795) in external validations at SNUBH and Severance Hospital, respectively. The XGBoost model demonstrated 
the highest discrimination in internal validation among the XGBoost, LASSO and ensemble models; however, no 
statistically significant differences were observed among the three models in external validation.

Conclusions  The proposed ML model demonstrated acceptable discrimination in internal validation and 
maintained baseline discriminative capacity across two independent external cohorts in predicting severe immediate 
postoperative complications after cardiac surgery. However, precision-oriented metrics declined substantially in 
external settings, largely attributable to lower event rates, underscoring the need for institution-specific recalibration 
prior to clinical implementation.
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period, only the first operation was analyzed. Patients 
who experienced intraoperative death, or had incomplete 
vital sign recordings were excluded.

Data collection
A total of 37 variables were used as the input features for 
the model development. These included demographics 
data (age, sex, and body mass index [kg/m²]); preopera-
tive laboratory values such as serum potassium (mEq/L), 
serum chloride (mEq/L), serum calcium (mg/dL), hemo-
globin (g/dL), white blood cell count (x 103/µL), platelet 
(x 103/µL), lactate (mmol/L), blood urea nitrogen (mg/
dL), blood glucose (mg/dL), serum creatinine (mg/dL), 
and c-reactive protein (mg/L); and the left ventricular 
ejection fraction (%) obtained from transthoracic echo-
cardiography (most recent measurement within three 
months before surgery).

The intraoperative variables included total crystalloid 
infusion volume (mL), number of red blood cell units 
transfused (units), estimated blood loss (mL), and cardio-
pulmonary bypass (CPB) time (minutes). For off-pump 
procedures, the CPB time was assigned a value of ‘0’.
Mean intraoperative laboratory measurements – includ-
ing arterial pH, bicarbonate (mmol/L), serum sodium 
(mmol/L), serum potassium (mmol/L), blood glucose 
(mg/dL), lactate (mmol/L), base excess in extracellu-
lar fluid, partial pressure of oxygen and carbon dioxide 
(mmHg) – were also incorporated.

The hemodynamic variables included arterial systolic 
and diastolic blood pressures (mmHg), heart rate (beats/
min), oxygen saturation (%), body temperature (℃), and 
central venous pressure (mmHg). Hemodynamic data 
were recorded at 1-minute intervals, whereas body tem-
perature was recorded at 5-minute intervals and mea-
sured using a nasal temperature probe. Arterial blood 
pressure was primarily measured via the radial artery; 
however, when femoral arterial pressure monitoring was 
performed, femoral measurements were used instead 
of radial values. Non-invasive blood pressure measure-
ments were not included in the analysis.

Preoperative continuous renal replacement therapy 
(CRRT) was also recorded. Information regarding the 
application of extracorporeal membrane oxygenation 
(ECMO) or intra-aortic balloon pump (IABP) was col-
lected for both the preoperative and intraoperative 
periods. Implausible hemodynamic data points – such 
as blood pressure < 20mmHg or > 200mmHg, oxygen 
saturation < 15% or > 100%, body temperature < 15℃ or 
> 40℃- were treated as missing values prior to statistical 
feature extraction.

Study outcomes
Severe immediate postoperative complications were 
defined as a composite endpoint comprising immediate 

postoperative complications that occurred within 24  h 
after surgery. These included any of the following: (1) 
reoperation for bleeding control, (2) death, (3) cardiac 
arrest, or (4) initiation of mechanical circulatory support 
with ECMO or IABP. Cardiac arrest was defined as the 
occurrence of asystole or initiation of cardiac massage.

Statistical analysis and model development
Data from each hospital were summarized as 
mean ± standard deviation (SD), median with interquar-
tile range (IQR), or number (proportion), as appropriate. 
The normality of continuous variables was assessed using 
the Shapiro-Wilk test in conjunction with visual inspec-
tion of histograms and quantile-quantile (Q-Q) plots. 
Continuous variables that approximated a normal dis-
tribution were compared across hospitals using analysis 
of variance (ANOVA) and are presented as mean ± SD, 
whereas variables with non-normal distributions were 
analyzed using the Kruskal-Wallis test and are reported 
as median (IQR). Categorical variables were compared 
using chi-square tests. All statistical analyses were per-
formed using R version 4.3.1 (R foundation for Statistical 
Computing, Vienna, Austria).

Model development and machine learning analy-
ses were performed using Python 3.9 (Python Soft-
ware Foundation, Wilmington, DE, USA). Extreme 
gradient boosting (XGBoost) was implemented as the 
base machine learning algorithm. XGBoost is an ML-
based model that implements a series of decision trees, 
with each tree correcting the residuals of the previous 
trees [18]. Missing values were imputed using the itera-
tive imputer from the Scikit-learn library [19]. 

The SNUH dataset was randomly divided into a devel-
opment cohort (95.0%) and an internal test cohort (5.0%). 
Considering the low event rate, we decided on the 95:5 
split of the dataset to prioritize the model’s representa-
tional capacity and generalizability. The development 
dataset was further partitioned into five patient-stratified 
folds and underwent five-fold cross-validation. Hyperpa-
rameter optimization was conducted using the Optuna 
framework, with the mean area under the receiver oper-
ating characteristic curve (AUROC) across all validation 
folds [20]. The test dataset was independently imputed 
and used for internal validation, while datasets from 
SNUBH and Severance Hospital served as external vali-
dation cohorts.

Model performance evaluation
The model performance was evaluated using comple-
mentary metrics, including the AUROC, area under the 
precision-recall curve (AUPRC), F1-score, accuracy and 
95% confidence intervals (CIs). AUROC reflects over-
all discrimination, whereas AUPRC is more informative 
in imbalanced datasets by emphasizing performance on 
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positive cases [21]. The F1-score balances precision and 
recall, and accuracy summarizes the proportion of cor-
rectly classified predictions [22]. The use of these metrics 
together provides a comprehensive assessment of the 
model performance across different aspects of clinical 
relevance [22]. The optimal discrimination threshold was 
determined using Youden’s index derived from the SNUH 
development dataset [23]. Calibration was assessed 
through spline recalibration and quantified using the 
Brier score and the integrated calibration index [24–26]. 
In addition to numerical metrics, we also presented cali-
bration plots to visually assess the agreement between 
the predicted and observed risks, confusion matrices to 
summarize the threshold-based classification perfor-
mance, and test probability histograms to illustrate the 
distribution of predicted risks across outcome groups.

SHAP-based feature selection and post-hoc analysis
Shapley additive explanations (SHAP) were employed for 
feature importance analysis and to enhance interpretabil-
ity of the XGBoost model [27]. Among the 37 candidate 
variables, features were iteratively selected in descend-
ing order of their mean absolute SHAP values. Specifi-
cally, this SHAP-based forward selection was performed 
on the entire development dataset, not nested within 
a cross-validation loop, to rank features by importance. 
Forward selection was then carried out while monitoring 
performance on the internal test cohort. SHAP depen-
dency plot was generated to visualize the relationship 
between each predictor and the model output, illustrat-
ing both the magnitude and direction of each feature’s 
contribution [27]. 

Decision curve analysis
To evaluate the clinical utility of our predictive model, we 
performed decision curve analysis (DCA) [28]. It calcu-
lates the net benefit of a predictive model across a range 
of threshold probabilities, comparing it against default 
strategies of treating all or treating no patients. We gen-
erated decision curves for the internal test set and both 
external validation cohorts. For the external validation 
cohorts, predicted probabilities were recalibrated using 
Platt scaling prior to decision curve analysis. Specifically, 
a logistic regression model was fitted with the log-odds of 
the original predicted probabilities as the sole predictor, 
re-estimating both the intercept and slope to align the 
predicted probabilities with the observed event rates in 
each external cohort.

Model comparison and ensemble construction
Model performance was compared to a least absolute 
shrinkage and selection operator (LASSO) regular-
ized logistic regression model developed with the same 
37 variables using the same training cohort. Given that 

XGBoost captures complex nonlinear interactions among 
variables [18], while LASSO provides a parsimonious lin-
ear summary that may generalize more robustly across 
heterogeneous populations [29], we hypothesized that 
combining their predicted probabilities may yield more 
consistent performance across institutions. We addition-
ally constructed an equal-weighted ensemble model by 
averaging the predicted probabilities of the XGBoost and 
LASSO models. Equal weighting (w = 0.5) was selected to 
avoid overfitting to the internal test set; a post-hoc sen-
sitivity analysis across weights ranging from 0 to 1 con-
firmed that no single weight simultaneously optimized 
discrimination across all three cohorts, supporting equal 
weighting as the most generalizable strategy. DeLong’s 
test was performed to compare the AUROC among the 
three models — XGBoost, LASSO, and the ensemble — 
across the internal and external validation cohorts.

Results
A total of 8,027 patients were initially screened at SNUH, 
and 81 patients were excluded based on the predefined 
criteria. Finally, 7,946 patients were included in the anal-
ysis. For external validation, 2,270 patients from SNUBH 
and 1,966 patients from Severance Hospital were 
included in the analysis (Fig. 1).

The baseline characteristics and intraoperative profiles 
of the patients from the three hospitals are summarized 
in Table 1. The preoperative use of ECMO or IABP was 
more frequent at SNUH than at the other centers (SNUH: 
319 [4.0%], SNUBH: 57 [2.5%] and Severance: 8 [0.4%], 
P < 0.001). A similar pattern was observed for intraopera-
tive ECMO or IABP use (SNUH: 848 [10.7%], SNUBH: 93 
[4.1%], and Severance: 13 [0.7%], P < 0.001). CPB time was 
also significantly longer at SNUH (SNUH: mean 187 ± SD 
76.9  min, SNUBH: mean 126 ± SD 49.3  min, Severance: 
mean 105 ± SD 48.7 min, P < 0.001). In contrast, patients 
at SNUBH received larger volumes of intraoperative 
crystalloid and units of red blood cell (RBC) transfu-
sions compared with the other institutions (SNUH: 
median 1,350 [IQR 800-2,400] mL and median 2 [IQR 
1–3] units, SNUBH: median 2,695 [IQR 2,039 − 3,670] 
mL and median 4.5 [2.5–7.5] units, Severance: median 
1,100 [IQR 900-1,500] mL and median 0 [IQR 0–0] units, 
P < 0.001). Certain intraoperative hemodynamic vari-
ables were slightly higher at Severance Hospital than at 
the other two centers, including systolic blood pressure 
(SNUH: mean 98.8 ± SD 13.4 mmHg, SNUBH: mean 
97.9 ± SD 9.24 mmHg, Severance: mean 101 ± SD 10.6 
mmHg, P < 0.001), diastolic blood pressure (SNUH: 
mean 55.7 ± SD 6.94 mmHg, SNUBH: mean 57.5 ± SD 
7.43 mmHg, Severance: mean 76.0 ± SD 9.28 mmHg, 
P < 0.001), body temperature (SNUH: median 34.1 [IQR 
32.9–35.5] ℃, SNUBH: median 34.9 [IQR 34.2–35.4] ℃, 
Severance: median 35.5 [IQR 35.1–35.8] ℃, P < 0.001), 
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and central venous pressure (SNUH: mean 7.75 ± SD 2.48 
mmHg, SNUBH: mean 9.22 ± SD 3.10 mmHg, Severance: 
mean 10.4 ± SD 1.79 mmHg, P < 0.001).

The incidence of severe immediate postoperative 
complications was 5.93% (471/7,946) at SNUH, 1.37% 
(31/2,270) at SNUBH, and 2.49% (49/1,966) at Severance 
Hospital. The incidence of each component outcome 
(reoperation for bleeding, death, cardiac arrest, ECMO 
or IABP use) is presented in Table 2.

 
In the internal validation, the model achieved an 

AUROC of 0.804 (95% CI, 0.707–0.891), an AUPRC of 
0.360 (95% CI, 0.194–0.573), an F1-score of 0.222, and 
an overall accuracy of 0.683. For external validation, per-
formance metrics were as follows: AUROC 0.735 (95% 
CI, 0.638–0.822), AUPRC 0.076 (95% CI, 0.030–0.188), 
F1-score 0.036, and accuracy 0.440 for SNUBH and 
AUROC 0.712 (95% CI, 0.630–0.795), AUPRC 0.204 (95% 
CI, 0.110–0.341), F1-score 0.104, and accuracy 0.781 for 
Severance Hospital. The ROC curves and calibration 
plots are shown in Fig.  2. Confusion matrices and test 
probability histograms are shown in Supplementary Fig-
ure S1.

SHAP analysis was used to identify the 16 most influ-
ential features, which were subsequently incorporated 
into the final model (Fig.  3). CPB time was the stron-
gest predictor and was positively associated with severe 
immediate postoperative complications. Preoperative 
ejection fraction and mean intraoperative systolic blood 
pressure (SBP) were negatively correlated with the out-
come. Higher intraoperative lactate levels, greater esti-
mated blood loss, older age, and larger RBC transfusion 
volumes were associated with an increased risk of severe 
immediate postoperative complications.

We conducted DCA to assess the clinical utility of the 
model in the internal validation cohort (SNUH) and two 
external validation cohorts (SNUBH and Severance), as 
shown in Supplementary Figure S2. In the internal vali-
dation cohort, the XGBoost model provided positive net 
benefit over both the ‘treat-all’ and ‘treat-none’ strate-
gies across a wide range of threshold probabilities. In 
the external validation cohorts, the model demonstrated 
positive net benefit over the ‘treat-none’ strategy; how-
ever, the range of clinically beneficial threshold prob-
abilities was substantially narrower, and the magnitude of 
net benefit was considerably lower than in internal vali-
dation, reflecting the markedly lower event rates in these 
cohorts.

The LASSO model selected 26 of the 37 candidate 
variables. Compared to the LASSO model, the XGBoost 
model demonstrated superior discrimination in the inter-
nal validation cohort (AUROC 0.804 vs. 0.748, p = 0.016). 
However, in external validation, the performance advan-
tage of XGBoost over LASSO was not statistically sig-
nificant (SNUBH: AUROC 0.735 vs. 0.771, p = 0.170; 
Severance: AUROC 0.712 vs. 0.730, p = 0.473). The equal-
weighted ensemble model achieved an AUROC of 0.782 
in internal validation, 0.752 in SNUBH, and 0.730 in Sev-
erance Hospital. The ensemble model demonstrated sta-
tistically significant improvement over LASSO in internal 
validation (p = 0.025), with no statistically significant 
difference in AUROC compared to either XGBoost or 
LASSO in external validation cohorts. Overall compari-
sons of ROC curves and AUROC values across the three 
models are presented in Supplementary Figure S3 and 
Supplementary Table S1.

Fig. 1  Flow diagrams of (a) Seoul National University Hospital, (b) Seoul National University Bundang Hospital, and (c) Severance Hospital. SNUH, Seoul 
National University Hospital; SNUBH, Seoul National University Bundang Hospital; V/S, vital sign; postop, postoperative
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SNUH
(n = 7,946)

SNUBH
(n = 2,270)

Severance
(n = 1,966)

P value

Demographic data

  Age, years 61.8 ± 13.4 64.5 ± 12.7 64.5 ± 12.0 < 0.001

  Male sex 4752 (59.8) 1430 (62.8) 1203 (61.2) 0.020

  BMI, kg/m2 23.4 ± 3.58 24.4 ± 3.47 24.2 ± 3.53 < 0.001

Surgery type < 0.001

  Isolated CABG 2666 (33.6) 1008 (44.4) 418 (21.3)

  Isolated non-CABG 1941 (24.4) 1082 (47.7) 687 (34.9)

  Two procedures with CABG 338 (4.3) 4 (0.2) 72 (3.7)

  Two procedures without CABG 1484 (18.7) 4 (0.2) 417 (21.2)

  ≥ 3 procedures 752 (9.5) 1 (0.0) 299 (15.2)

  Others 767 (9.7) 171 (7.5) 71 (3.6)

Medical history

  Preop ECMO/IABP 319 (4.0) 57 (2.5) 8 (0.4) < 0.001

  Preop CRRT 323 (4.1) 31 (1.4) 17 (0.9) < 0.001

Baseline laboratory findings

  CRP, mg/L 0.18 (0.06–0.61) 0.60 (0.15–2.24) 0.20 (0.09–0.55) < 0.001

  Lactate, mmol/L 1.1 (0.8–1.7) 1.3 (0.9–2.1) 1.1 (0.8–1.4) < 0.001

  BUN, mg/dL 19.1 ± 10.4 20.2 ± 11.8 20.5 ± 10.8 < 0.001

  Serum Cr, mg/dL 0.97 (0.80–1.17) 0.88 (0.72–1.08) 0.87 (0.73–1.05) < 0.001

  Serum Glu, mg/dL 130 ± 55.0 121 ± 36.2 120 ± 44.4 < 0.001

  Hemoglobin, g/dL 12.7 ± 1.86 12.6 ± 2.16 12.4 ± 2.09 < 0.001

  WBC, x103/µL 6.87 ± 2.86 7.25 ± 3.40 6.64 ± 2.91 < 0.001

  Platelet, x103/µL 209 ± 71.3 214 ± 73.6 207 ± 73.1 0.016

  Potassium, mEq/L 4.15 ± 0.436 4.16 ± 0.462 4.24 ± 0.433 < 0.001

  Chloride, mEq/L 104 ± 4.04 104 ± 4.63 104 ± 3.87 0.075

  Calcium, mg/dL 8.95 ± 0.533 8.86 ± 0.569 8.89 ± 0.533 < 0.001

  Preop LVEF, % 55.3 ± 12.3 55.8 ± 12.9 60.0 ± 13.6 < 0.001

Surgery and anesthesia profiles

  Surgery on CPB 5191 (65.3) 1525 (67.1) 1526 (77.6) < 0.001

  †CPB time, min 187 ± 76.9 126 ± 49.3 105 ± 48.7 < 0.001

  Crystalloid, mL 1350 (800–2400) 2695(2039–3670) 1100(900–1500) < 0.001

  EBL, mL 900 (500–1500) 700 (500–1000) 550 (380–750) < 0.001

  RBC, units 2.0 (1.0–3.0) 4.5 (2.5–7.5) 0.0 (0.0–0.0) < 0.001

  Intraoperative ECMO/IABP 848 (10.7) 93 (4.1) 13 (0.7) < 0.001

Intraoperative vital signs (mean)

  SBP, mmHg 98.8 ± 13.4 97.9 ± 9.24 101 ± 10.6 < 0.001

  DBP, mmHg 55.7 ± 6.94 57.5 ± 7.43 60.5 ± 5.72 < 0.001

  Heart rate, /min 73.8 ± 11.4 76.0 ± 12.4 76.0 ± 9.28 < 0.001

  SpO2, % 99.6 (98.7–99.9) 99.6 (99.1–99.9) 99.7 (99.2–99.9) < 0.001

  Body temperature, ℃ 34.1 (32.9–35.5) 34.9 (34.2–35.4) 35.5 (35.1–35.8) < 0.001

  CVP, mmHg 7.75 ± 2.48 9.22 ± 3.10 10.4 ± 1.79 < 0.001

Intraoperative laboratory findings (mean)

  pO2, mmHg 251 ± 70.3 223 ± 71.8 224 ± 33.3 < 0.001

  pCO2, mmHg 40.7 ± 4.24 35.6 ± 3.74 35.8 ± 3.29 < 0.001

  pH 7.40 ± 0.0437 7.39 ± 0.0411 7.40 ± 0.0380 < 0.001

  Bicarbonate, mEq/L 24.9 ± 2.16 21.8 ± 1.80 22.3 ± 1.65 < 0.001

  BEecf 0.00 ± 2.54 -2.07 ± 1.95 -2.65 ± 1.98 < 0.001

  Lactate, mmol/L 1.80 (0.97–2.28) 1.92 (1-2.3) 1.51 (1-1.77) < 0.001

  Sodium, mEq/L 135 ± 5.13 138 ± 2.64 134 ± 3.09 < 0.001

Table 1  Baseline characteristics and operative profiles
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Discussion
In this study, an XGBoost-based model achieved an 
AUROC of 0.804 in the internal validation for predicting 
severe immediate postoperative complications in adults 
who underwent cardiac surgery, demonstrating a good 
discriminative performance.

Existing predictive models have primarily focused on 
general ICU populations or late deterioration (> 24 h) 
after cardiac surgery [30–32]. To the best of our knowl-
edge, this is the first study to successfully predict severe 
immediate (≤ 24 h) clinically significant complications 
in cardiac surgery – a domain that has been underrep-
resented in prior literature [12–16]. This study achieved 
comparable performance in a large, multi-institutional 
cohort.

Instead of relying on blood pressure thresholds or 
vasoactive medication doses, we defined primary out-
come using a composite of objective and clinically signifi-
cant adverse events occurring within 24  h after cardiac 
surgery, requiring substantial medical intervention – 
namely, reoperation for bleeding control, death, cardiac 
arrest, and initiation of mechanical circulatory support 
with ECMO or IABP. Although these events represent 
severe terminal outcomes rather than early warning 
signs, predicting the risk of these critical events within 
the first 24  h enables clinicians to proactively identify 
high-risk states and optimize resource allocation.

In this study, perioperative factors – including demo-
graphic characteristics, preoperative laboratory findings, 
intraoperative parameters, and hemodynamic variables 

– were analyzed to identify predictors of immediate post-
operative complications. Among the 37 variables exam-
ined, several features emerged as significant predictors in 
the SHAP dependency analysis. Longer CPB time, lower 
preoperative ejection fraction, elevated intraoperative 
lactate levels, greater estimated blood loss with higher 
RBC transfusion volume, and advanced age are well-
established risk factors for postoperative major compli-
cations and mortality following cardiac surgery [33–37]. 
Intraoperative hypotension, defined as a mean arterial 
pressure (MAP) < 65mmHg, has been independently 
associated with adverse outcomes such as stroke, acute 
kidney injury, and mortality after cardiac surgery [38]. 
Most prior studies have defined hypotension in cardiac 
surgery with mean arterial pressure during CPB period 
[38–41]. However, the relationship between SBP and 
postoperative outcomes remains controversial. While 
low intraoperative SBP has been associated with postop-
erative acute kidney injury after coronary artery bypass 
grafting [42], elevated SBP (> 140mmHg) or marked SBP 
variability has been associated with higher 30-day mor-
tality in cardiac surgical patients [43, 44]. In the present 
study, the mean intraoperative SBP was negatively corre-
lated with severe immediate postoperative complications, 
suggesting that lower intraoperative SBP may contribute 
to immediate postoperative deterioration.

Notably, the top predictors identified by our SHAP 
analysis are established risk factors in cardiac surgery. 
The fact that our model independently identified these 
clinically validated variables without prior assump-
tions serves as evidence of its clinical validity. To assess 
whether a simplified approach using these established 
predictors could achieve comparable performance, we 
constructed a post-hoc logistic regression model incor-
porating only the top three SHAP-ranked predictors 
(CPB time, preoperative ejection fraction, and mean 
value of intraoperative lactate). The simplified model 
achieved AUROCs of 0.738, 0.696, and 0.714 in internal 
validation, SNUBH, and Severance Hospital, respectively. 
The XGBoost model demonstrated statistically supe-
rior discrimination over the simplified model in inter-
nal validation (p = 0.034), while no significant difference 

Table 2  Incidences of composite outcomes
SNUH 
(n = 7,946)

SNUBH 
(n = 2,270)

Sever-
ance 
(n = 1,966)

Re-operation 271 (3.41%) 8 (0.35%) 40 (2.03%)

Death 24 (0.30%) 5 (0.22%) 2 (0.10%)

Cardiac arrest 131 (1.65%) 13 (0.57%) 2 (0.10%)

ECMO or IABP 202 (2.54%) 18 (0.79%) 12 (0.61%)

Composite outcome 471 (5.93%) 31 (1.37%) 49 (2.49%)
Data are expressed as number (proportion). SNUH Seoul National University 
Hospital, SNUBH Seoul National University Bundang Hospital, ECMO 
Extracorporeal membrane oxygenation, IABP Intra-aortic balloon pump

SNUH
(n = 7,946)

SNUBH
(n = 2,270)

Severance
(n = 1,966)

P value

  Potassium, mEq/L 4.15 ± 0.476 4.01 ± 0.414 4.18 ± 0.524 < 0.001

  Glucose, mg/dL 130 ± 32.4 142 ± 41.0 143 ± 37.8 < 0.001
Data are expressed as mean ± standard deviation, median (interquartile range), or number (proportion). P-values are derived from ANOVA test or Kruskal-Wallis test 
for continuous variables, and Chi-square test for discrete variables

SNUH Seoul National University Hospital, SNUBH Seoul National University Bundang Hospital, BMI Body mass index, CABG Coronary artery bypass grafting, Preop 
Preoperative, ECMO Extracorporeal membrane oxygenation, IABP Intra-aortic balloon pump, CRRT Continuous renal replacement therapy, CRP C-reactive protein, 
BUN Blood urea nitrogen, Cr Creatinine, Glu Glucose, WBC White blood cell, LVEF Left ventricle ejection fraction, CPB Cardiopulmonary bypass, EBL Estimated blood 
loss, RBC Red blood cell, SBP Systolic blood pressure, DBP Diastolic blood pressure, MBP Mean blood pressure, SpO₂ Oxygen saturation, CVP Central venous pressure, 
pO₂ Partial pressure of arterial oxygen, pCO₂ Partial pressure of arterial carbon dioxide, BEecf Base excess in extracellular fluid

†CPB time was summarized exclusively for surgeries in which cardiopulmonary bypass was performed

Table 1  (continued) 
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was observed in external validation cohorts (p = 0.200 
and p = 0.924), consistent with the pattern observed in 
the XGBoost vs. LASSO comparison (Supplementary 
Table S2 and Supplementary Figure S4). However, as this 
simplified model was developed as a post-hoc explora-
tion and was not constructed within the same cross-val-
idation framework as the primary models, it should be 
interpreted as a sensitivity analysis rather than a formal 
comparator. Importantly, the primary contribution of this 
study lies not in the identification of novel individual risk 
factors, but in the precise prediction of a highly specific 
composite endpoint — severe immediate postoperative 
complications within 24  h of cardiac surgery — which 
has been substantially underrepresented in prior predic-
tive modeling literature.

The XGBoost model demonstrated superior discrimi-
nation compared with the LASSO model in the internal 
validation cohort. However, there was no statistical dif-
ference between XGBoost model and the LASSO model 
in external validation cohorts, rather the point estimates 
of AUROC numerically favored LASSO model. Prior 
meta-analyses comparing ML with logistic regression 

have reported conflicting results in the context of post-
operative mortality prediction in cardiac surgery [45, 46]. 
Attenuated discrimination of XGBoost model in external 
settings is consistent with prior reports showing that ML 
models provide only marginal improvements over logis-
tic regression for predicting cardiac surgery outcomes 
across heterogeneous institutions [46–48]. 

We additionally constructed the equal weighted ensem-
ble model as a supplementary analysis. The ensemble 
model achieved intermediate discrimination in internal 
validation and demonstrated performance comparable 
to XGBoost in external validation. No statistically signifi-
cant differences were observed among the three models 
in external validation, suggesting that the performance 
gap observed internally does not translate to a meaning-
ful clinical distinction across institutions.

We acknowledge that AUPRC and F1-scores declined 
substantially in external validation, reflecting reduced 
positive predictive ability in low-prevalence settings — 
a known mathematical consequence of applying mod-
els developed in high-acuity centers to populations 
with markedly lower event rates, rather than a failure of 

Fig. 2  ROC curves and calibration plots of the XGBoost model across three validation cohorts. ROC curves (top row) and calibration plots (bottom row) 
for (a) Seoul National University Hospital (SNUH), (b) Seoul National University Bundang Hospital (SNUBH), and (c) Severance Hospital. XGBoost, Extreme 
gradient boosting; AUC, Area under the receiver operating characteristic curve
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discrimination per se. Accordingly, the model’s clinical 
utility in external settings remains constrained, and reli-
able deployment would require local recalibration and 
prospective validation prior to implementation.

This study highlights the potential of ML approaches 
for predicting critical and immediate postoperative com-
plications after cardiac surgery. With SHAP-based inter-
pretability, individualized risk factors can be identified 
even within complex nonlinear relationships, thereby 
facilitating personalized management strategies. The 
modifiable predictors revealed by the model may guide 
patient-specific perioperative interventions, whereas 
non-modifiable factors can enhance preoperative risk 
stratification. Prediction models may help support 

clinical decision-making, such as determining the appro-
priateness of fast-track recovery protocols or the early 
initiation of mechanical support. A critical next step is 
translating these models from development to the clinical 
bedside. Recently, Pan et al. demonstrated the real-world 
value of a multicenter-validated ML model for diagnos-
ing early infection after cardiovascular surgery through 
prospective clinical implementation, showing significant 
benefits in antibiotic management, ICU length of stay, 
and cost control [49]. Ultimately, prospective studies are 
needed to determine whether prediction-based decision 
support utilizing our model can meaningfully improve 
clinical outcomes.

Fig. 3  Shapley additive explanations dependency plot demonstrating top 16 features of the model. SHAP, Shapley additive explanations; CPB, Cardio-
pulmonary bypass; preop, Preoperative; EF, Ejection fraction; intraop, Intraoperative; SBP, Systolic blood pressure; RBC, Red blood cell; BEecf, Base excess in 
the extracellular fluid; DBP, Diastolic blood pressure; BMI, Body mass index; ECMO, Extracorporeal membrane oxygenation; IABP, Intra-aortic balloon pump; 
SpO2, Pulse oxygen saturation; HCO3, Bicarbonate; Na, Sodium
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Limitations
Our intentional 95:5 dataset split resulted in a small 
internal test set with wide 95% confidence intervals for 
internal validation metrics; this limitation was miti-
gated by evaluating the model on two large, independent 
external validation cohorts. Although external validation 
confirmed the model’s baseline discriminative capac-
ity, predictive accuracy varied substantially across insti-
tutions, reflecting differences in surgical practice, data 
acquisition protocols, and clinical management. The 
internal cohort spanned 17 years (2004 to 2021), whereas 
external cohorts comprised predominantly recent 
data, introducing temporal drift that could not be fully 
accounted for in the analysis.

Furthermore, institutional drift was evident in the 
markedly lower event rates of external cohorts (1.37% 
and 2.49%) compared with the internal cohort (5.93%). 
This disparity directly affected precision-oriented met-
rics: AUPRC declined substantially in external valida-
tion (0.076 and 0.204) compared with internal validation 
(0.360), and F1-scores approached zero (0.036 and 0.104), 
reflecting a near-complete loss of positive predictive 
ability in low-prevalence settings. Because such an inci-
dence mismatch can distort clinical utility assessments, 
we recalibrated predicted probabilities to local event 
rates prior to DCA. Although net benefit was positive 
across all cohorts, it was substantially lower in external 
cohorts than in the internal validation cohort. These find-
ings underscore that continuous updating and rigorous 
local recalibration are prerequisites for reliable clinical 
implementation.

In addition, hemodynamic parameters such as blood 
pressure, cardiac index, and the administration of inotro-
pic or vasopressor agents were not incorporated into the 
definition of postoperative outcomes in this study. Given 
the current lack of consensus on the definition of postop-
erative hypotension in cardiac surgery, future research is 
warranted to establish standardized criteria for hemody-
namic instability in this population.

This study focused solely on immediate postoperative 
complications that occurred within 24  h after surgery. 
Long-term outcomes, such as extended ICU stay, organ 
dysfunction, and late mortality, were not assessed. Fur-
ther investigations integrating both short- and long-term 
outcomes are necessary to achieve a more comprehen-
sive evaluation of ML-based prediction of postoperative 
severe complications after cardiac surgery.

Furthermore, regarding our feature selection method-
ology, the SHAP-based forward selection was performed 
on the entire development dataset, not on the inner 
cross-validation loop. We acknowledge that perform-
ing feature selection outside of resampling can introduce 
optimism bias, potentially leading to an overestimation 
of the model’s performance in the internal evaluation. 

However, to mitigate this risk and objectively assess the 
true generalizability of our model, the final selected fea-
ture set and model were subsequently evaluated on two 
strictly independent external validation cohorts. Because 
these external datasets were completely isolated from the 
feature selection process, they provide a rigorous and 
unbiased estimate of the model’s real-world predictive 
performance.

Finally, several potentially relevant variables were not 
included in our model, such as continuous intraopera-
tive mean arterial blood pressure, cardiac index, mixed 
venous oxygen saturation, complexity of surgery, and 
detailed preoperative medical history. Incorporating 
these physiological and clinical variables could further 
enhance the model performance. Future studies integrat-
ing richer physiological data and more comprehensive 
comorbidity profiles may yield more accurate and clini-
cally valuable prediction models.

Conclusion
In conclusion, we developed an XGBoost model and an 
equal-weighted ensemble of XGBoost and LASSO as 
a supplementary model for predicting severe immedi-
ate postoperative complications in patients undergo-
ing cardiac surgery. While the XGBoost model achieved 
acceptable discrimination internally, external validation 
revealed a performance attenuation across institutions, 
largely attributable to variations in baseline event rates. 
Nevertheless, this study demonstrates that severe imme-
diate postoperative complications after cardiac surgery 
are predictable using routinely available perioperative 
variables and provides a multi-institutional benchmark 
for future studies targeting this clinically critical end-
point. Further prospective validation and institution-
specific recalibration are essential for translating these 
findings into practical decision-support tools that 
enhance individualized perioperative care.
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