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Purpose: To develop and compare multiple machine learning (ML) algorithms with traditional logistic regression for predicting in- 
hospital cardiac arrest (IHCA) using comprehensive electronic health record data, with the goal of improving early risk stratification 
beyond conventional early-warning scores and providing potential integration into hospital early warning systems for timely clinical 
intervention.
Patients and Methods: We performed a retrospective case-control study at a large tertiary medical center, including 800 IHCA cases 
and 3,464 controls. Candidate predictors comprised demographics, comorbidities, vital signs, and laboratory measurements. Five 
models-logistic regression, decision tree, random forest, XGBoost, and multivariate adaptive regression splines (MARS)-were trained 
and validated. Performance was evaluated using area under the receiver operating characteristic curve (AUC), accuracy, sensitivity, 
specificity, and F1 score.
Results: XGBoost yielded strong discrimination and the highest accuracy (AUC 0.909; accuracy 0.883), while random forest showed 
comparable discrimination (AUC 0.910) with slightly lower accuracy (0.876). Logistic regression performed robustly but lower than 
ML models (AUC 0.895; accuracy 0.876). ML models consistently identified clinically meaningful predictors-including blood urea 
nitrogen, heart rate, and pre-existing heart failure-offering insights beyond traditional regression.
Conclusion: Integrating ML approaches with conventional regression enhances IHCA risk prediction by capturing non-linear 
relationships and interactions while retaining the interpretability of regression. These approaches could strengthen hospital early- 
warning systems, enabling earlier detection and intervention, and ultimately improving patient outcomes.
Keywords: in-hospital cardiac arrest, machine learning, logistic regression, risk prediction, predictive analytics, early warning 
systems

Introduction
In-hospital cardiac arrest (IHCA) remains a frequent and critical event that places a substantial emotional and operational 
burden on healthcare teams. Once IHCA occurs, the prognosis is poor: more than half of patients do not survive despite 
resuscitation, and nearly 90% of survivors suffer significant neurological impairment.1 The sudden onset of IHCA, often 
following rapid but under-recognized clinical deterioration, makes early detection particularly challenging. This is 
especially true in general wards, where approximately 72% of IHCAs occur.2–4 Reported survival rates vary by region, 
with recent US data indicating a survival-to-discharge rate of about 25.8%,5,6 whereas a Taiwanese study showed a return 
of spontaneous circulation (ROSC) in 66% of cases but survival-to-discharge of only 11.8%.4

Although IHCA management strategies are often adapted from out-of-hospital cardiac arrest (OHCA) research, 
important differences exist in epidemiology and underlying pathophysiology.7 Conventional risk assessment methods 
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typically rely on medical history, trends in vital signs, laboratory values, and procedural data to estimate clinical 
deterioration or mortality risk.8 However, relatively few studies have specifically focused on identifying predictors of 
unexpected IHCA before the event, rather than outcomes after resuscitation.

To improve early recognition, clinical scoring systems such as the National Early Warning Score (NEWS) and the 
Modified Early Warning Score (MEWS) are widely used, particularly in the United Kingdom.9 Other early warning 
systems, such as the Cardiac Arrest Risk Triage (CART) score,10 have also been implemented in general wards in the 
United States. These scores depend mainly on vital signs to identify patients at risk of acute deterioration, including 
cardiac arrest. Their predictive performance, however, is modest, with reported areas under the receiver operating 
characteristic curve (AUC) ranging from 0.65 to 0.79.11

Once the high-risk patient group is identified, high-intensity care should be initiated, such as frequent vital sign 
monitoring, activation of rapid response teams or ICU admission for the most severe cases. According to a systematic 
review by Hogan et al, the implementation of the National Early Warning Score (NEWS) in daily practice-accompanied 
by the use of different algorithms-was associated with a 6.4% annual reduction in in-hospital cardiac arrest (IHCA) 
incidence and a 5% annual improvement in survival rates.12

The widespread adoption of electronic health records and digital healthcare systems has created opportunities for 
advanced predictive analytics. By leveraging dynamic, longitudinal patient data, predictive models may detect clinical 
deterioration earlier and with greater accuracy. Prior studies have shown that machine learning (ML) methods-such as 
random forest, XGBoost, decision trees, and multivariate adaptive regression splines (MARS)-often outperform tradi
tional statistical models in predicting mortality and major cardiovascular events.13,14 Ensemble ML approaches, which 
combine multiple algorithms, have demonstrated even stronger accuracy and calibration in clinical applications.15

Despite these advances, most existing studies have focused on post-arrest outcomes or on predicting OHCA, leaving 
a critical gap in pre-arrest risk stratification for IHCA.16,17 Only a limited number of studies have begun to explore IHCA 
prediction, primarily by evaluating traditional risk factors with conventional statistical methods.18,19

To address this, the present study compares the predictive performance of conventional logistic regression with four 
ML algorithms-random forest, XGBoost, decision tree, and MARS-for forecasting IHCA among hospitalized patients. 
By incorporating comprehensive clinical variables, this study aims to enhance early risk stratification and support 
proactive interventions to reduce IHCA incidence and improve patient outcomes.

Materials and Methods
We conducted a retrospective, single-center, case-control study at National Taiwan University Hospital (NTUH), 
including adult patients (≥18 years) who experienced unexpected in-hospital cardiac arrest (IHCA) between 2011 and 
2018. Eligible patients were required to have at least one documented electrocardiogram (ECG) prior to the IHCA event. 
The study protocol was approved by the Institutional Review Board of NTUH (IRB No. 201807063RINC). This study 
was conducted in accordance with the principles of the Declaration of Helsinki. Given the retrospective design and the 
use of de-identified data, the need for informed consent was waived.

For the control cohort, 4,000 patients were randomly selected from 205,999 hospitalized individuals without CPR 
events during the study period. Patients with do-not-resuscitate (DNR) orders at admission (n = 65) or with incomplete 
clinical records (n = 471) were excluded, resulting in 3,464 patients in the non-IHCA group. The selection and exclusion 
process is shown in Figure 1. Incomplete clinical records were defined as the absence of essential demographic 
information (eg, age, sex, comorbidities) or more than 30% missing vital sign or laboratory variables. For the remaining 
dataset, variables with ≤30% missing data were imputed using multiple imputation by chained equations (MICE). The 
percentage of missing data for each variable is summarized in Table S1.

The primary outcome was IHCA, defined as the absence of a palpable pulse with attempted resuscitation during 
hospitalization. The dataset included four major domains of variables. Demographic information comprised age, sex, and 
body mass index (BMI). Comorbidities were identified from medical records and coded using the International 
Classification of Diseases, Ninth and Tenth Revisions (ICD-9/10-CM). Vital signs included systolic blood pressure 
(SBP), diastolic blood pressure (DBP), mean blood pressure (MBP), pulse rate, respiratory rate, and body temperature. 
Laboratory parameters included serum creatinine, serum sodium, serum potassium, hemoglobin, platelet count, aspartate 
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aminotransferase (AST), and alanine aminotransferase (ALT). Diagnoses were coded using the International 
Classification of Diseases, Ninth and Tenth Revisions (ICD-9-CM/ICD-10-CM), and procedural codes were obtained 
from Taiwan’s National Health Insurance execution code system.

Five predictive models were developed: logistic regression, decision tree, random forest, extreme gradient boosting 
(XGBoost), and multivariate adaptive regression splines (MARS). Data preprocessing included quality checks and 
imputation of missing values to ensure integrity. The dataset was randomly divided into training (80%) and testing 
(20%) subsets. Model training used 10-fold cross-validation for hyperparameter optimization and to minimize overfitting. 
Figure 2 illustrates the ML analytical workflow used in our study.

Logistic regression was used as a benchmark model for binary classification, estimating the probability of IHCA 
based on clinical predictors. It remains widely applied in medical research and serves as a reference for comparing the 
performance of more advanced ML algorithms.

Decision trees are supervised learning models that classify outcomes by sequentially splitting data into subgroups 
based on predictor variables. Each branch represents a decision rule, and terminal nodes represent predicted outcomes. 
Their hierarchical, rule-based structure makes them intuitive and interpretable for both technical and clinical applications.

Random forest is an ensemble method that improves the stability and accuracy of decision trees. It generates multiple 
trees using bootstrap samples with randomized feature selection and aggregates their results by majority voting. Out-of- 
bag samples are used to estimate generalization error and feature importance, reducing overfitting and enhancing 
predictive reliability.

XGBoost is an optimized gradient boosting algorithm that combines multiple weak learners, typically decision trees, 
into a strong predictive model. It incorporates parallel processing, automated handling of missing data, and regularization 
to reduce overfitting. XGBoost has demonstrated state-of-the-art performance on structured clinical datasets and is 
widely applied in healthcare risk prediction.

From 2011 to 2018, adult
inpatients at National Taiwan

University Hospital (NTUH) with
available ECG records were

included (n = 207,290).

No CPR during
hospitalization
n = 205,999

CPR during
hospitalization

n = 1,291

Exclude:
Patients with DNR at admission (n = 295)

Incomplete records (n = 196)

Random Sampling
n = 4,000

Exclude:
Patients with DNR at admission (n = 65)

Incomplete records (n = 471)

IHCA group
n = 800

Non-IHCA group
n = 3,464

Figure 1 Flow diagram of study population selection. Adult inpatients at NTUH (2011–2018) with documented ECG (n = 207,290) were classified according to in-hospital 
CPR status. After exclusions, the IHCA group (with in-hospital CPR) comprised 800 patients and the non-IHCA group (without in-hospital CPR) comprised 3,464 patients. 
Abbreviations: CPR, cardiopulmonary resuscitation; DNR, do-not-resuscitate; ECG, electrocardiogram; IHCA, in-hospital cardiac arrest; NTUH, National Taiwan 
University Hospital.
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Multivariate Adaptive Regression Splines (MARS) is a non-linear regression technique that models complex 
relationships using adaptive spline functions. It builds models through forward selection of candidate basis functions 
followed by backward elimination to control complexity. This flexibility allows MARS to capture both linear and non- 
linear effects, making it suitable for identifying subtle patterns in clinical data.

While a concise overview of each model is presented here, detailed algorithmic descriptions and hyperparameter 
specifications are provided in Supplementary Material 1.

To minimize the impact of potential multicollinearity among predictors (eg, renal markers, ECG intervals), we 
applied L1 regularization when constructing logistic regression models, which performs variable selection and shrinks 
the coefficients of less informative or collinear variables. For the machine learning approaches, we primarily employed 
tree-based models (eg, random forest, XGBoost), which are inherently less sensitive to multicollinearity due to their 
recursive partitioning mechanisms. Together, these strategies reduced the influence of collinearity and enhanced the 
robustness of our analyses.

Model performance was evaluated using standard classification metrics. Accuracy was defined as the proportion of 
correct predictions among all cases. Sensitivity (recall, true positive rate) represented the proportion of actual positives 
correctly identified, whereas specificity (true negative rate) represented the proportion of actual negatives correctly 

Data

Data
Processing

Training
Dataset

80%

Testing
Dataset

20%

LR
ML

(DT, RF, XGB, MARS)

Model Evaluation

(AUC, accuracy, sensitivity, specificity, F1 score)

Importance
Variables by

Average Rank

Figure 2 Modeling workflow. Data were processed and split into training and testing datasets. Five algorithms (LR, DT, RF, XGB, MARS) were trained on the training 
dataset, evaluated on standard metrics (AUC, accuracy, sensitivity, specificity, F1 score), and variable importance was summarized by average rank across models. 
Abbreviations: AUC, area under the curve; DT, Decision Tree; LR, Logistic Regression; MARS, Multivariate Adaptive Regression Splines; RF, Random Forest; XGB, 
Extreme Gradient Boosting.
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identified. Positive predictive value (PPV, precision) indicated the proportion of predicted positives that were truly 
positive, and negative predictive value (NPV) indicated the proportion of predicted negatives that were truly negative. 
The F1 score, calculated as the harmonic mean of precision and recall, provides a single measure balancing false 
positives and false negatives, as shown in Equation (1). Finally, the AUC summarized overall discrimination across all 
decision thresholds, reflecting the probability that a randomly selected positive case would be ranked higher than 
a randomly selected negative case (0.5 = no discrimination; 1.0 = perfect discrimination).

Equation (1). Formula for calculating the F1 score.
All analyses were performed using R software (version 4.0.3) within RStudio (version 1.4.1103), with dedicated 

R packages supporting each ML algorithm. Logistic regression was implemented using the glmnet package (version 
4.1–1), decision trees with the rpart package (version 4.1–15), random forests with the randomForest package (version 
4.6–14), and XGBoost with the xgboost package (version 1.5.0.1). MARS was conducted using the earth package 
(version 5.3.2). The caret package (version 6.0–90) was used for model training, hyperparameter tuning, and the 
evaluation of variable importance across methods.

An advanced language model (ChatGPT 5, OpenAI, San Francisco, CA, USA) was employed to enhance the 
grammar, phrasing, and readability of the manuscript. The model did not contribute to scientific content, data analyses, 
or interpretation. All generated text was thoroughly examined and edited by the authors, who assume full responsibility 
for the accuracy and conclusions of the manuscript.

Results
As summarized in Table 1, a total of 800 patients with IHCA and 3,464 randomly selected hospitalized controls were 
analyzed. Compared with controls, the IHCA group was significantly older (64.6 ± 15.9 vs 57.0 ± 16.6 years, p < 0.001), 
had a slightly higher proportion of males (60.4% vs 56.5%, p = 0.048), and a lower mean body mass index (23.6 ± 5.0 vs 
24.3 ± 4.2 kg/m², p < 0.001).

Cardiovascular comorbidities were markedly more prevalent in the IHCA group, including heart failure (43.2% vs 
7.7%), acute coronary syndrome (ACS) (23.8% vs 3.0%), chronic coronary syndrome (42.8% vs 16.7%), peripheral 
artery disease (13.9% vs 4.2%), and hypertension (59.2% vs 41.1%) (all p < 0.001). Non-cardiovascular conditions such 
as diabetes mellitus (41.2% vs 20.5%), chronic kidney disease (32.9% vs 10.2%), and end-stage renal disease (20.4% vs 
5.3%) were also more frequent (all p < 0.001). In contrast, malignancy was less common among IHCA patients (43.0% 
vs 50.9%, p < 0.001), although both groups demonstrated a high prevalence of malignancy.

Table 1 Comparison of Baseline Characteristics Between IHCA and Non-IHCA 
Groups

Mean (SD) Non-IHCA  
Control Group

IHCA Experimental  
Group

p

n 3464 800

Male (%) 1956 (56.5) 483 (60.4) 0.048

Age 57.00 (16.64) 64.64 (15.92) <0.001

BMI 24.33 (4.21) 23.56 (4.99) <0.001

HF (%) 266 (7.7) 346 (43.2) <0.001

ACS (%) 103 (3.0) 190 (23.8) <0.001

CCS (%) 579 (16.7) 342 (42.8) <0.001

(Continued)
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Laboratory findings indicated greater systemic inflammation and renal dysfunction in IHCA patients, with signifi
cantly higher white blood cell counts (11.63 vs 7.29 × 10³/μL), blood urea nitrogen (BUN) (37.8 vs 17.8 mg/dL), and 
creatinine (2.31 vs 1.08 mg/dL) (all p < 0.001). However, liver function markers such as AST and ALT were not further 
analyzed because a high proportion of missing data was detected. This was likely due to local clinical practice patterns, 
where physicians often order only one of these tests rather than both, partly influenced by insurance-related 

Table 1 (Continued). 

Mean (SD) Non-IHCA  
Control Group

IHCA Experimental  
Group

p

PAD (%) 144 (4.2) 111 (13.9) <0.001

HTN (%) 1425 (41.1) 474 (59.2) <0.001

DM (%) 709 (20.5) 330 (41.2) <0.001

Dyslipidemia (%) 714 (20.6) 230 (28.7) <0.001

COPD / Asthma (%) 298 (8.6) 114 (14.2) <0.001

CKD (%) 353 (10.2) 263 (32.9) <0.001

ESRD (%) 182 (5.3) 163 (20.4) <0.001

Malignancy (%) 1763 (50.9) 344 (43.0) <0.001

GI Bleeding (%) 340 (9.8) 119 (14.9) <0.001

WBC 103/uL 7.29 (4.03) 11.63 (18.10) <0.001

Hb g/dL 13.06 (2.13) 10.98 (2.55) <0.001

PLT 109 /L 239.95 (85.96) 198.61 (115.89) <0.001

BUN mg/dL 17.83 (13.53) 37.80 (31.37) <0.001

Cre mg/dL 1.08 (1.34) 2.31 (2.61) <0.001

Na mmol/L 138.63 (3.47) 136.14 (6.52) <0.001

K mmol/L 4.19 (0.50) 4.17 (0.85) 0.344

ECG PR ms 151.11 (41.41) 126.72 (74.29) <0.001

ECG QRS ms 90.38 (15.53) 100.30 (29.58) <0.001

ECG QTc ms 430.78 (32.09) 470.76 (57.82) <0.001

Body temperature (Celsius degree) 36.40 (0.55) 36.46 (0.79) 0.006

Heart rate / min 79.67 (14.81) 92.85 (21.09) <0.001

Respiratory rate / min 18.36 (2.14) 20.24 (4.50) <0.001

SBP mmHg 130.23 (20.51) 127.19 (24.08) <0.001

DBP mmHg 77.22 (13.01) 72.33 (15.10) <0.001

MBP mmHg 94.43 (13.94) 90.10 (15.86) <0.001

Abbreviations: ACS, acute coronary syndrome; BMI, body mass index; BT, body temperature; BUN, blood 
urea nitrogen; CCS, chronic coronary syndrome; CKD, chronic kidney disease; COPD, chronic obstructive 
pulmonary disease; Cre, creatinine; DBP, diastolic blood pressure; DM, diabetes mellitus; ECG, electrocardio
gram; ECG PR, PR interval on ECG; ECG QRS, QRS duration on ECG; ECG QTc, corrected QT interval on 
ECG; ESRD, end-stage renal disease; GI, gastrointestinal; Hb, hemoglobin; HF, heart failure; HR, heart rate; HTN, 
hypertension; K, serum potassium; MBP, mean blood pressure; Na, sodium; PAD, peripheral arterial disease; PLT, 
platelet count; RR, respiratory rate; SBP, systolic blood pressure; WBC, white blood cell.
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considerations. IHCA patients also exhibited more pronounced anemia (hemoglobin 11.0 vs 13.1 g/dL) and thrombocy
topenia (198.6 vs 239.9 × 10³/μL) (both p < 0.001). Serum potassium did not differ significantly. Electrocardiographic 
intervals were consistently prolonged, with longer ECG PR interval (151 vs 127 ms), ECG QRS duration (100 vs 90 ms), 
and corrected QT interval on ECG (471 vs 431 ms) (all p < 0.001).

Vital sign comparisons revealed higher pulse rates (92.9 vs 79.7 bpm, p < 0.001) and respiratory rates (20.2 vs 18.4 
breaths/min, p < 0.001) among IHCA patients. Blood pressure values were slightly lower, including systolic (127.2 vs 
130.2 mmHg, p < 0.001), diastolic (72.3 vs 77.2 mmHg, p < 0.001), and mean blood pressure (90.1 vs 94.4 mmHg, p < 
0.001). Body temperature was minimally higher (36.46 vs 36.40°C, p = 0.006). These findings collectively indicated 
a profile of advanced comorbidity burden, systemic inflammation, renal dysfunction, anemia, and hemodynamic 
compromise in the IHCA group.

As shown in Table 2, model discrimination ranged from moderate to excellent (AUC 0.739–0.910). The decision tree 
performed weakest overall, with an AUC of 0.739, sensitivity of 0.331, and the lowest F1 score of 0.450, despite 
excellent specificity (0.965). By comparison, ensemble approaches achieved superior discrimination. Random forest 
yielded the highest AUC (0.910) and the strongest positive predictive value (0.749), but this improvement in precision 
was accompanied by reduced sensitivity (0.544). XGBoost provided the most balanced performance, with an AUC of 
0.909, accuracy of 0.883, sensitivity of 0.615, specificity of 0.949, NPV of 0.914, and F1 score of 0.675, representing the 
highest sensitivity among all models while maintaining excellent overall accuracy. MARS also showed consistent 
performance across metrics (AUC 0.897; accuracy 0.881; sensitivity 0.580; specificity 0.952; F1 score 0.667), high
lighting its stability and calibration.

Logistic regression, although a conventional statistical approach, remained competitive. It achieved an AUC of 0.895 
and accuracy of 0.876, with PPV 0.724 and NPV 0.907. However, sensitivity was only moderate (0.580). Overall, these 
results indicate that ensemble machine learning methods (XGBoost and random forest) outperformed single decision 
trees and conventional regression in terms of discriminatory power. XGBoost was the only model to achieve both high 
sensitivity and strong overall accuracy, while MARS provided well-balanced performance with interpretable nonlinear 
modeling.

Variable importance rankings are summarized in Table 3. Despite differences in methodology, there was strong 
convergence across models on several key predictors. Logistic regression prioritized hemoglobin, pulse rate, ACS, heart 
failure, and platelet count. In contrast, the machine learning models consistently ranked BUN and corrected QT interval 
on ECG among the top predictors, followed by hemoglobin, heart failure, and pulse rate.

When averaged across all five models, the top predictors were BUN, corrected QT interval on ECG, hemoglobin, 
heart failure, pulse rate, platelet count, ACS, white blood cell count, respiratory rate, and serum sodium. These features 
represented multiple domains: renal dysfunction and metabolic derangement (BUN, serum creatinine, serum sodium), 
chronic cardiovascular comorbidities (heart failure, ACS), hematologic impairment (hemoglobin, platelet count), sys
temic stress and inflammation (pulse rate, respiratory rate, white blood cell count), and electrophysiological abnormalities 
(corrected QT interval on ECG, ECG QRS duration).

Table 2 Performance of the LR, Decision Tree, Random Forest, XGBoost and MARS Methods

Method Accuracy Sensitivity Specificity PPV NPV F1 Score AUC

Logistic Regression 0.876 0.58 0.949 0.724 0.907 0.649 0.895

Decision Tree 0.839 0.331 0.965 0.686 0.862 0.45 0.739

Random Forest 0.876 0.544 0.958 0.749 0.901 0.634 0.91

XGBoost 0.883 0.615 0.949 0.736 0.914 0.675 0.909

MARS 0.881 0.58 0.952 0.736 0.908 0.667 0.897

Abbreviations: AUC, area under the curve; F1, F1 score; LR, logistic regression; MARS, multivariate adaptive regression 
splines; NPV, negative predictive value; PPV, positive predictive value; XGBoost, extreme gradient boosting.
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The decision tree model presented in Figure 3 further demonstrates how a limited set of key predictors can effectively 
stratify IHCA risk. For example, pathways incorporating thresholds for BUN (<27 mg/dL), pulse rate, and heart failure 
status effectively separated patients into high- and low-risk subgroups with minimal computational steps. This simplified 
structure underscored the consistency of these variables across different modeling approaches.

Together, these results demonstrate that IHCA was associated with a multifactorial risk profile characterized by 
advanced age, cardiovascular comorbidities, renal dysfunction, hematologic abnormalities, and electrophysiological 
instability. Among the predictive models, ensemble machine learning approaches, particularly XGBoost and random 
forest, provided the highest discriminatory power, whereas MARS delivered stable and well-balanced performance. 
Logistic regression, although less powerful, remained a robust and interpretable benchmark. The convergence of 
predictors across methods highlights the reliability of these findings and supports the integration of both acute 
physiological variables and chronic disease burden into early risk stratification frameworks.

Table 3 Comparative Variable Importance Rankings and Average Ranks Across Five 
Predictive Models

Variable Logistic  
Regression

Decision  
Tree

Random  
Forest

XGB MARS Average 
Rank

BUN 6 1 1 1 1 2

ECG QTc 7 3 2 3 2 3.4

Hb 1 4 3 4 9 4.2

HF 4 2 9 2 5 4.4

Heart rate 2 8 4 5 4 4.6

PLT 5 7 6 7 6 6.2

ACS 3 6 20 6 3 7.6

WBC 9 9 5 8 8 7.8

Respiratory rate 10 10 10 10 11 10.2

Na 8 24 8 9 7 11.2

BMI 22 13 14 11 12 14.4

SBP 15 29 16 15 10 17

Cre 23 5 7 21 31 17.4

CCS 11 14 21 19 31 19.2

ECG QRS 12 27 13 17 31 20

ECG PR 20 26 11 14 31 20.4

AGE 31 12 17 12 31 20.6

DM 13 17 22 20 31 20.6

K 29 25 12 13 31 22

DBP 16 30 15 22 31 22.8

Abbreviations: ACS, acute coronary syndrome; AGE, age; BMI, body mass index; BUN, blood urea nitrogen; CCS, 
chronic coronary syndrome; Cre, serum creatinine; DBP, diastolic blood pressure; DM, diabetes mellitus; ECG, 
electrocardiogram; Hb, hemoglobin; HF, heart failure; K, serum potassium; MARS, multivariate adaptive regression 
splines; Na, serum sodium; PLT, platelet count; PR, PR interval on ECG; QRS, QRS duration on ECG; ECG QTc, 
corrected QT interval on ECG; SBP, systolic blood pressure; WBC, white blood cell count; XGB, Extreme Gradient 
Boosting (XGBoost).
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Discussion
In this single-center, retrospective case–control study based on NTUH electronic health records, we developed and 
validated machine-learning models for predicting IHCA. To ensure comparability with the general inpatient population 
rather than a high-acuity subgroup at imminent risk of IHCA, random sampling was adopted for the control cohort. This 
strategy enabled us to construct a prediction model representative of routine hospitalized patients and to assess its 
performance in that context. Notably, malignancy was less common in the IHCA group-a paradoxical finding that may be 
explained by the higher prevalence of DNR orders among terminal cancer patients, thereby reducing their likelihood of 
unexpected IHCA.20

Our findings highlight that combining traditional statistical approaches with modern ML methods provides comple
mentary strengths in risk prediction. Logistic regression identified established clinical predictors, whereas ensemble 
models such as random forest and XGBoost achieved superior overall performance. These results underscore the value of 
integrating conventional regression with advanced ML in clinical prognostication.21

Feature importance analysis revealed complementary strengths. Logistic regression prioritized established predictors 
such as hemoglobin, pulse rate, ACS, heart failure, and platelet count, consistent with traditional cardiovascular 
frameworks.5–7 In contrast, ML models consistently ranked BUN and corrected QT interval on ECG among the top 
variables, reflecting their ability to capture nonlinear relationships and complex interactions often overlooked by 
conventional approaches.22,23 Together, these predictors, including BUN, corrected QT interval on ECG, hemoglobin, 
ACS, heart failure, platelet count, and inflammatory markers, illustrate the multifactorial nature of IHCA risk and 
underscore the value of integrating both chronic comorbidities and acute stressors into predictive models.24,25

In this study, we adopted random sampling to construct the control group. This approach allowed us to better 
represent the heterogeneity of the general inpatient population and to identify the subgroup truly at risk of IHCA who 
might benefit from early intervention. In contrast, propensity score matching, while effective in reducing baseline 
imbalances, would restrict the analysis to patients already similar to the IHCA cohort based on predefined risk factors. 
Such restriction could limit generalizability and potentially overlook the broader at-risk population that our prediction 
models aim to capture.26

Figure 3 Decision tree model for IHCA prediction. The model stratified IHCA risk using key variables including BUN, HF, pulse rate, DBP, Hb, ACS, and ECG QTc, with 
terminal nodes showing predicted probabilities. 
Abbreviations: ACS, acute coronary syndrome; BUN, blood urea nitrogen; DBP, diastolic blood pressure; ECG QTc, corrected QT interval on ECG; Hb, hemoglobin; HF, 
heart failure; MBP, mean blood pressure.
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Previous studies applying ML to IHCA prediction have reported AUCs of 0.80–0.93,22,23,27 which are comparable to 
our results. One study demonstrated that gradient boosting outperformed logistic regression in emergency patients,23 

while another identified laboratory markers such as platelet count and serum sodium as powerful predictors,27 aligning 
with our findings. Other investigations highlighted the predictive value of ECG-derived features such as corrected QT 
interval on ECG,28–30 which was also confirmed in our analysis.

A conceptual strength of ML is its ability to move beyond binary “normal/abnormal” thresholds traditionally used in 
clinical medicine.31–33 Logistic regression and conventional models depend on predefined cutoffs (eg, serum sodium 
<135 mmol/L) which may obscure risk gradients within reference ranges.34 In contrast, ML derives optimal cut points 
directly from data. In our decision tree, BUN at 27 mg/dL emerged as a critical threshold for IHCA risk, despite lying near the 
conventional upper limit of normal. Similar data-driven thresholds were identified for hemoglobin (10 g/dL) and pulse rate (84 
or 121 bpm). Such findings illustrate how ML can uncover hidden nonlinear risk profiles, as demonstrated in sepsis,35,36 

ACS,37 and arrhythmia prediction.27,30 For example, in Figure 3, the decision tree identified a diastolic blood pressure (DBP) 
threshold of 84 mmHg, which is not a commonly used clinical cut-off in daily practice. Nevertheless, prior studies have 
demonstrated that DBP is indeed an independent predictor of cardiac arrest, albeit with different threshold values.38,39 This 
finding underscores the potential of ML models to uncover clinically relevant yet unconventional patterns that may be 
overlooked by traditional approaches. While such thresholds may not immediately translate into bedside decision rules, they 
highlight physiological parameters that warrant closer monitoring and further validation in prospective studies.

Beyond IHCA, ML models have been widely used for disease prediction across medicine. Decision trees are simple 
and transparent but often lack sensitivity in high-risk settings.39 Random forest, by combining multiple trees, improves 
stability and has shown strong performance in predicting sepsis, ACS, and heart failure.40 XGBoost, an advanced 
gradient boosting method, consistently outperforms other algorithms in structured healthcare datasets by capturing 
complex nonlinear relationships with high efficiency.41 Although less commonly used, MARS provides flexibility in 
modeling both linear and nonlinear effects. A previous study demonstrated its predictive value by developing a model for 
summed stress score in Taiwanese women with type 2 diabetes mellitus using the MARS approach.42

Comparative studies confirm that ensemble methods, particularly random forest and XGBoost, provide the best 
overall accuracy and calibration, while decision trees and MARS contribute interpretability in selected scenarios.40–42 

Our findings echo prior evidence of XGBoost’s superiority and further support the robustness of ML models across 
diverse patient populations and healthcare systems. Importantly, when integrated into electronic health records, ML- 
based prediction tools could be embedded within hospital early warning systems to deliver real-time alerts and facilitate 
timely clinical intervention.14

A key challenge for implementing ML in clinical practice is interpretability, as advanced models often act as “black 
boxes” compared with the transparency of logistic regression.32 In addition, successful adoption requires seamless 
integration into electronic health record systems, with real-time outputs that are clinically actionable.43 Overcoming 
these barriers will be crucial for translating predictive accuracy into meaningful patient outcomes.

We believe our study makes two main contributions. First, we systematically compared the performance of multiple 
machine learning models against traditional logistic regression, highlighting their relative strengths in predicting IHCA. 
Second, by applying multiple predictive tools, we were able to identify novel risk factors that are not typically captured 
by conventional approaches, and to establish an early warning framework that may help deliver intensive care to high- 
risk patients and thereby reduce mortality.

This study has several limitations. First, its retrospective, single-center design precludes causal inference and may 
limit generalizability. Second, we adopted random sampling rather than propensity score matching to ensure representa
tiveness of the general inpatient population. This approach introduced baseline imbalances, but machine learning 
methods, with their ability to model multicollinearity and interactions, may have mitigated some of these differences. 
Third, only internal validation was performed; external, multicenter validation is needed to confirm robustness. Fourth, 
certain relevant variables (eg, echocardiography, Holter monitoring, imaging) were unavailable, which may influence risk 
assessment. Finally, as a pilot study, future research should incorporate multimodal data and prospective designs, ideally 
comparing model predictions with physicians’ real-time judgment, to establish clinical utility.
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Conclusion
In this study, we directly compared logistic regression with multiple machine learning models for predicting in-hospital cardiac 
arrest. While logistic regression provided interpretability, advanced models-particularly XGBoost and random forest-achieved 
superior discrimination and calibration. Key predictors consistently included BUN, corrected QT interval, and hemoglobin. 
These results suggest that ML-based tools can enhance early risk stratification beyond conventional approaches, and their 
integration into hospital electronic health records and early warning systems may facilitate earlier recognition and timely 
intervention. Prospective multicenter validation will be essential to confirm these findings and determine their clinical impact.
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