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ABSTRACT
Aims: Mortality rates remain high among patients admitted to the intensive care unit (ICU) following successful return of 
spontaneous circulation (ROSC) after cardiopulmonary resuscitation (CPR). Identifying risk factors specific to this patient group 
may directly inform clinical decision-making processes. This study aimed to identify the clinical and laboratory parameters 
associated with mortality in post-CPR ICU patients and to compare machine learning models developed using these parameters 
with traditional statistical analyses. 
Methods: This retrospective study included a total of 82 patients treated in a tertiary-level ICU between 2020 and 2023. The 
post-CPR group (n=41) consisted of patients admitted to the ICU following effective CPR and ROSC, while the control group 
(n=41) included randomly selected patients with similar clinical characteristics who had not undergone CPR. Demographic data, 
clinical scores (APACHE II, SOFA, NUTRIC), laboratory values, and survival outcomes were recorded. Mortality prediction 
models were developed using the Random Forest algorithm applied to class-balanced datasets generated with the ADASYN 
method. 
Results: The post-CPR group had significantly higher scores and biomarker levels, including APACHE II, SOFA, and CRP, 
whereas albumin and GFR levels were notably lower. Both ICU and hospital mortality rates were significantly elevated in this 
group (75.6% and 80.5%, respectively; p<0.001). In general ICU mortality models developed using Random Forest, variables 
such as inotropic support, APACHE II, SOFA, and CRP emerged as prominent predictors, and the model demonstrated high 
predictive performance (AUC: 0.914). In the subgroup of post-CPR patients, factors such as thrombocyte count, mean platelet 
volume, and sex were found to be particularly influential in predicting mortality.  
Conclusion: Both traditional statistical analyses and machine learning models provide clinically meaningful results in predicting 
early mortality among post-CPR patients. In particular, the need for inotropic support and elevated inflammatory markers 
appear to be strong predictors of mortality. The high predictive performance of AI-supported models, even with small sample 
sizes, highlights their potential clinical utility, though prospective observational studies are needed to further validate these 
models. However, the limited cohort size and the absence of resuscitation-specific variables such as initial CPR rhythm and 
duration represent important limitations that should be addressed in future prospective studies. The dataset used for model 
development, along with the executable Python scripts, is available for sharing.
Keywords: Post-CPR, early mortality prediction, machine learning

INTRODUCTION
Survival and clinical outcomes among patients admitted to the 
intensive care unit (ICU) following successful resuscitation 
after cardiac arrest vary significantly. Even when return of 
spontaneous circulation (ROSC) is achieved in this patient 
population, mortality rates remain high due to post-cardiac 
arrest syndrome, multiple organ failure, and the severity 
of underlying causes.1 According to the American Heart 

Association’s 2020 guidelines, key factors influencing survival 
during the post-ROSC care process include maintaining 
hemodynamic stability, assessing neurological prognosis, and 
implementing targeted therapeutic interventions.2

Early biochemical parameters and clinical scoring systems 
obtained during the ICU stay can serve as valuable tools 
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in predicting patient prognosis. One of the most common 
reasons for ICU admission is sepsis and septic shock. Among 
the biochemical markers most frequently monitored in 
patients with these diagnoses, procalcitonin (PCT) and 
C-reactive protein (CRP) are the most important. CRP is 
generally used as a marker of inflammation, whereas PCT 
is widely employed to differentiate bacterial infections from 
viral or other inflammatory conditions, as well as to monitor 
treatment response. Elevated levels of these biomarkers are 
typically proportional to the severity of the infection in cases 
of sepsis and septic shock.3-5 CRP, which is produced by the 
liver, may exhibit limited elevation in response to infection in 
cases of hepatic failure.6 On the other hand, PCT levels may 
increase independently of infection in the presence of severe 
renal failure.7 These relationships can become even more 
complex in the aftermath of cardiac arrest.

Liver function tests (LFTs) such as aspartate aminotransferase 
(AST), alanine aminotransferase (ALT), gamma-glutamyl 
transferase (GGT), and alkaline phosphatase (ALP), as well 
as renal function indicators like glomerular filtration rate 
(GFR), can be significantly affected following cardiac arrest, 
primarily due to the susceptibility of the liver and kidneys 
to ischemia. Therefore, elevations in LFTs and reductions in 
GFR may serve as critical prognostic indicators of survival in 
post-cardiac arrest patients.8,9

In addition, hematologic parameters such as platelet count, 
mean platelet volume (MPV), and white blood cell count have 
been reported in the literature as factors potentially associated 
with ICU survival.10-12

Beyond laboratory values, scoring systems like APACHE 
II (Acute Physiology and Chronic Health Evaluation II), 
SOFA (Sequential Organ Failure Assessment), the NUTRIC 
(Nutrition Risk in Critically Ill) score, NRS-2002 (Nutritional 
Risk Screening-2002), and the Charlson Comorbidity Index 
(CCI) are also useful for predicting patient mortality risks.13,14

Comparing post-cardiopulmonary resuscitation (CPR) 
patients with a control group that has similar clinical 
characteristics but did not experience cardiac arrest may 
help to more clearly identify mortality predictors specific 
to this unique patient population. Previous studies have 
demonstrated that systemic inflammation and reperfusion 
injury in post-resuscitation patients have a significant impact 
on ICU mortality.15

Machine learning techniques have the capability to analyze 
a greater number of variables simultaneously and model 
complex relationships more effectively than traditional 
statistical methods. In this context, supervised learning 
algorithms such as random forest have gained prominence 
in recent years for medical data analysis. Several studies 
have shown that random forest may offer advantages over 
traditional methods in predicting mortality.16

However, in cases where sample size is limited, resampling 
techniques such as SMOTE (Synthetic Minority Over-
sampling Technique) are required to handle imbalanced 
datasets. In addition to SMOTE, other oversampling methods 
such as Borderline-SMOTE and ADASYN (Adaptive Synthetic 
Sampling) are also available. In the medical literature, there 

are studies demonstrating that outcomes obtained from AI-
based data augmentation techniques applied to real patient 
datasets yield results comparable to those obtained through 
statistical analyses on actual patient data.17,18

In this study, patients admitted to the ICU following 
cardiac arrest were compared with those admitted without 
having experienced cardiac arrest in order to identify key 
determinants of mortality and perform survival analyses 
based on the parameters discussed above. Furthermore, it was 
planned to perform sample augmentation using the collected 
data. Models developed using machine learning techniques 
(random forest) with augmented and balanced datasets were 
compared with models built using traditional statistical 
approaches. This study was structured using the TRIPOD-
AI statement checklist, published in 2024 to enhance the 
transparency and reliability of clinical prediction modeling 
studies involving machine learning methods.19

METHODS
Ethics
This study was approved by the Scientific Studies Ethics 
Committee of University of Health Sciences Ankara Atatürk 
Sanatorium Training and Research Hospital (Date: 12.03.2025, 
Decision No: 2024-BÇEK/226). The study was carried out in 
accordance with the principles of the Declaration of Helsinki.

Study Design
This retrospective observational study includes patients who 
were monitored in the level 3 Anesthesia ICU of Ankara 
Atatürk Sanatorium Training and Research Hospital between 
January 1, 2020, and January 1, 2023. Among a total of 706 
patients, 41 patients who experienced witnessed in-hospital 
cardiac arrest and achieved ROSC following effective CPR were 
defined as the post-CPR group. The control group consisted of 
41 patients randomly selected from those admitted to the ICU 
during the same period who had not undergone CPR. Thus, a 
total of 82 patients were included in the study.

Inclusion Criteria
•	 Age over 18 years

•	 Monitored in the ICU for at least 24 hours

•	 For the post-CPR group: patients who experienced witnessed 
arrest while hospitalized and received CPR administered 
by a healthcare professional for no longer than one hour, 
achieving ROSC and subsequently admitted to the ICU.

Exclusion Criteria
•	 Patients under 18 years of age

•	 ICU follow-up duration of less than 24 hours

•	 Patient records containing incomplete data

•	 A history of cardiac disease was not considered an exclusion 
criterion, and patients with known cardiac comorbidities 
were also included in the study.

Demographic characteristics (age, sex, body-mass index), 
as well as clinical and biochemical data, were collected. For 
parameters known in the literature to be associated with 
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poor prognosis when elevated, the highest values within 
the first 24 hours following ICU admission were recorded. 
Conversely, for parameters where lower values are linked to 
poor prognosis, the lowest values during the same time frame 
were considered. These parameters included PCT, CRP, AST, 
ALT, GGT, ALP, GFR, albumin, platelet count, MPV, and 
white blood cell count.

Clinical scoring systems (APACHE II, SOFA, NUTRIC, NRS-
2002, and CCI), ICU length of stay, mortality status, use of 
inotropic therapy, ICU readmission, presence of malignancy, 
and reason for ICU admission (e.g., type 2 respiratory failure, 
myocardial infarction) were also recorded. A total of 27 
parameters were reviewed, collected, and analyzed as part 
of the study. Clinical scores, such as APACHE II and SOFA, 
were retrospectively validated by experienced intensive care 
specialists. Mortality data were extracted automatically from 
the hospital’s information system, eliminating the possibility 
of observer bias.

Statistical Analysis and Machine Learning 
Techniques
The data analyses were performed using IBM SPSS Statistics 
for Windows, Version 27.0 (IBM Corp., Armonk, NY, USA).

Machine learning modeling was conducted using the Python 
programming language. The official reference distribution, 
CPython version 3.10, was utilized within the development 
environment provided by the Python Software Foundation 
(PSF) [https://www.python.org]. The environment was set 
up through the Anaconda distribution (Version 2023.07, 
Anaconda Inc.), which is widely used for data science and 
machine learning applications. For machine learning tasks, 
the scikit-learn library version 1.3.0 was employed, while the 
imbalanced-learn library version 0.11.0 was used for sample 
balancing procedures. All algorithms were implemented 
through the standard Python API, with hyperparameter 
tuning performed manually for optimization.

The normality of the dataset analyzed using SPSS was assessed 
through skewness, kurtosis, histograms, outlier analyses, and 
the Kolmogorov-Smirnov and Shapiro-Wilk tests. Variables 
following a normal distribution were described using 
mean±standard deviation, while non-normally distributed 
variables were expressed as median (min–max).

For comparisons between groups, the independent samples 
t-test was used for normally distributed variables, and 
the Mann-Whitney U test was applied for non-normally 
distributed variables. When significant results were obtained 
using the t-test, Cohen’s d value was provided to indicate 
the effect size. For categorical variables, Chi-square and 
Fisher’s exact tests were employed. The Kaplan-Meier survival 
analysis was used to compare survival durations between the 
post-CPR group and the other patient group. Furthermore, 
discriminant analysis was applied to identify clinical and 
laboratory features that could differentiate between post-CPR 
patients and other ICU patients. Both the Enter and stepwise 
methods were utilized in the discriminant models. A 95% 
confidence interval and a significance threshold of p<0.05 
were adopted for all traditional statistical analyses.

Data Imbalance and Oversampling Method
Within the scope of this study, clinical data from a total of 82 
patients admitted to the ICU—divided into two subgroups: 
“post-CPR” and other ICU patients—were retrospectively 
analyzed. A significant class imbalance was observed between 
the “deceased” and “survived” cases within each subgroup.

To address this issue, the Adaptive Synthetic Sampling 
(ADASYN) algorithm, a synthetic data generation method, 
was applied to the overall dataset. ADASYN aims not only 
to increase the number of minority class samples but also to 
focus on areas near the class boundaries that are more difficult 
for classification, thereby improving the generalizability of the 
model. This approach identifies the k-nearest neighbors for 
each minority class instance (with k set to 2 in this study) and 
uses adaptive weighting to generate new synthetic examples 
through interpolation. As a result, synthetic samples for 
the minority class are modeled to reflect a more natural 
distribution within the data space.

The ADASYN algorithm, a synthetic data generation method, 
was applied to the overall dataset. ADASYN aims not only 
to increase the number of minority class samples but also to 
focus on areas near the class boundaries that are more difficult 
for classification, thereby improving the generalizability of 
the model. In simpler terms, this method creates additional 
artificial data points for underrepresented groups (e.g., 
deceased patients) to ensure that the machine learning model 
does not become biased toward the majority group. This 
approach identifies the k-nearest neighbors for each minority 
class instance (with k set to 2 in this study) and uses adaptive 
weighting to generate new synthetic examples through 
interpolation. By filling in the data where the model struggles 
most, ADASYN helps improve prediction accuracy and model 
fairness. As a result, synthetic samples for the minority class 
are modeled to reflect a more natural distribution within the 
data space.

A Random Forest classification model was developed to 
predict mortality among all ICU patients included in the study, 
using a 70/30 train-test split repeated over 10 randomized 
iterations. To address class imbalance in the general cohort, 
the ADASYN algorithm was applied only to the training sets. 
For the post-CPR group, 41 patients were used without any 
synthetic sampling, and a separate model was built solely on 
real patient data to preserve the original distribution. Average 
model performance was calculated by evaluating test set 
results across all iterations.

Random Forest Classification Method
After addressing the sample imbalance, the Random Forest 
classification algorithm was independently applied to both 
the post-CPR subgroup and the complete patient cohort. 
Random Forest is a machine learning method that aggregates 
numerous decision trees within an ensemble framework, 
offering high accuracy, relatively low variance, and robustness 
against overfitting.

During model training, each tree was trained on a different 
bootstrap sample drawn with replacement from the dataset. 
A random subset of features was evaluated at each decision 
node within a tree. These mechanisms (bagging and feature 
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subsetting) help reduce correlation among trees and enhance 
the model’s generalization capacity.

The classification decision in Random Forest is made based on 
a majority vote across the trees. During model training and 
validation, stratified k-fold cross-validation (k=5) was applied 
to ensure balanced class representation across each fold. The 
model's performance was evaluated using accuracy, precision, 
recall, F1-score, and the area under the ROC curve (AUC).

Additionally, feature importance scores were computed to 
identify the most influential clinical parameters for mortality 
prediction. These scores were calculated based on the 
cumulative reduction of Gini impurity across all trees. The 
models were trained using the scikit-learn library, and the 
source code can be made available for research purposes.

In both models, 70% of the dataset was used for training and 
30% for testing. Given the limited sample size, each sample split 
was randomized ten times, resulting in ten separate models 
with 70-30 training-test splits. The average performance 
metrics of these models were reported to maximize utility 
from the limited number of cases.

The model output was defined both as a classification and 
a probability. Any predicted probability above 50% was 
classified as high mortality risk.

The source codes of the developed models have been made 
publicly available in the form of Python script files (.py).

RESULTS
General Data and Traditional Statistical Findings
Upon analyzing the demographic and baseline clinical data 
of the 82 patients included in the study, the median age of 
the post-CPR group was 70.0 years (65.0–83.0), while it was 
68.0 years (60.0–74.0) in the other ICU patient group. There 
was no statistically significant difference in age between the 
groups (p=0.118, Table 1, 2). In terms of gender distribution, 
70.7% of the post-CPR group were male, compared to 68.3% 
in the other ICU group; the difference was not statistically 
significant (p=0.810, Table 3).

Regarding malnutrition risk, the post-CPR group had 
significantly higher median NUTRIC scores, while there 
was no meaningful difference in NRS-2002 scores between 
the groups (p=0.002 and p=0.171, respectively, Table 2). The 
presence of malignancy at any stage was similar between 
the groups (p=0.794, Table 3). ICU readmission rates were 
identical in both groups (Table 1), and body-mass index 
(BMI) values were also comparable. No significant differences 
were observed in comorbidities between groups (Table 2).

However, as expected, the APACHE II scores-calculated 
based on a variety of clinical and laboratory parameters-were 
significantly higher in the post-CPR group (p<0.001, Table 2).

When examining clinical and laboratory parameters 
reflecting inflammation and infection, the post-CPR group 
had significantly elevated markers. Specifically, CRP, PCT, 
and SOFA scores were all significantly higher in the post-CPR 
group compared to the other ICU group (all p<0.001, Table 2).

Indicators of multi-organ failure and/or post-ischemic 
conditions, such as ALT, AST, and GFR, were also worse 
in the post-CPR group (p=0.008, p<0.001, and p=0.042, 
respectively, Table 2). Serum albumin levels were found to be 

Table 1. Comparison of demographic and clinical parameters between 
POST-CPR patient group and other ICU patient group

Variable Other ICU patient 
group (n=41) 

POST-CPR patient 
group (n=41)

Age (years) 68.0 (60.0-74.0) 70.0 (65.0-83.0)

Sex (male) 28 (68.3%) 29 (70.7%)

Presence of malignancy 9 (22.0%) 10 (24.4%)

NUTRIC score 6.0 (4.0-7.0) 7.0 (6.0-8.0)

NRS-2002 score 4.0 (4.0-5.0) 4.0 (4.0-5.0)

ICU readmission 3 (7.3%) 3 (7.3%)

Inotropic support 9 (22.0%) 30 (73.2%)

BMI (kg/m²) 27.4±4.7 26.8±5.5

CCI 6.0 (5.0-7.0) 6.0 (6.0-9.0)

APACHE II score 22.8±7.4 30.7±8.5

SOFA score 6.0 (5.0-8.0) 9.0 (8.0-12.0)
CPR: Cardiopulmonary resuscitation, ICU: Intensive care unit, NUTRIC: Nutrition Risk in Critically 
Ill, NRS: Nutritional Risk Screening, BMI: Body-mass index, CCI: Charlson Comorbidity Index, 
APACHE: Acute Physiology and Chronic Health, SOFA: Sequential Organ Failure Assessment,                     
SD: Standard deviation, IQR: Interquartile range, evaluation, Data are presented as mean±SD, median 
(IQR), or n (%) as appropriate

Table 2. Comparison of clinical and demographic variables (numeric 
variables) between POST-CPR and other ICU patients and p values

Variable Other ICU patient 
group (n=41)

POST-CPR patient 
group (n=41) p-value

Age (years) 68.0 (60.0-74.0) 70.0 (65.0-83.0) 0.118a

APACHE II 
score 22.8±7.4 30.7±8.5 <0.001b*

BMI (kg/m²) 27.4±4.7 26.8±5.5 0.555b

ICU stay 
duration (days) 13.0 (7.0-18.0) 6.0 (3.0-24.0) 0.269a

CCI 6.0 (5.0-7.0) 6.0 (6.0-9.0) 0.062a

SOFA score 6.0 (5.0-8.0) 9.0 (8.0-12.0) <0.001a*

NUTRIC score 6.0 (4.0-7.0) 7.0 (6.0-8.0) 0.002a*

NRS-2002 score 4.0 (4.0-5.0) 4.0 (4.0-5.0) 0.171a

PCT (ng/ml) 0.0 (0.0-0.7) 1.3 (0.4-12.9) <0.001a*

CRP (mg/L) 4.8 (1.2-14.8) 85.0 (43.0-172.0) <0.001a*

ALT (U/L) 20.0 (14.0-31.0) 33.0 (17.0-53.0) 0.008a*

AST (U/L) 23.0 (13.0-38.0) 40.0 (26.0-90.0) <0.001a*

GGT (U/L) 31.0 (19.0-48.0) 49.0 (18.0-130.0) 0.135a

GFR 
(ml/min/1.73 m²) 75.0 (46.0-91.0) 65.0 (26.0-85.0) 0.042a*

ALP (U/L) 75.0 (62.0-98.0) 99.0 (77.0-171.0) 0.002a*

Albumin (g/dl) 3.3 (3.0-3.6) 2.9 (2.1-3.3) 0.002a*

MPV (fL) 7.9 (7.2-9.5) 9.1 (8.2-10.7) 0.021a*

Platelet count 
(10³/μL) 199.0 (136.0-251.0) 193.0 (153.0-276.0) 0.441a

WBC count 
(10³/μL) 11.1 (7.4-14.9) 12.3 (8.0-16.5) 0.314a

CPR: Cardiopulmonary resuscitation, ICU: Intensive care unit, APACHE: Acute Physiology and Chronic 
Health Evaluation, BMI: Body-mass index, CCI: Charlson Comorbidity Index, SOFA: Sequential Organ 
Failure Assessment, NUTRIC: Nutrition Risk in Critically Ill, NRS : Nutritional Risk Screening, PCT: 
Procalcitonin, CRP: C-reactive protein, ALT: Alanine aminotransferase, AST: Aspartate aminotransferase, 
GGT: Gamma-glutamyl transferase, GFR: Glomerular filtration rate, ALP: Alkaline phosphatase, 
MPV: Mean platelet volume, WBC: White blood cell, SD: Standard deviation, IQR: Interquartile 
range, a : Man Whitney U, b : Independent t-test, * : Statistical significant p value, Data are presented 
as mean±SD, median (IQR), or n (%) as appropriate.
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significantly lower in the post-CPR group (p=0.002). While 
platelet counts did not significantly differ between the groups 
(p=0.441), MPV was significantly higher in the post-CPR 
group (p=0.021, Table 2).

When comparing post-CPR patients with other ICU patients 
across various categorical variables, significant differences 
were observed. The need for inotropic support was notably 
higher in the post-CPR group (73.2% vs. 22.0%, p<0.001). 
ICU mortality was 75.6% in the post-CPR group, compared 
to 36.6% in the other ICU group—a statistically significant 
difference (p<0.001). Similarly, hospital mortality was also 
higher in the post-CPR group (80.5% vs. 39.0%, p<0.001). 
Conversely, the incidence of type 2 respiratory failure was 
significantly lower in the post-CPR group (36.6% vs. 70.7%, 
p=0.002), indicating clinical differences between the groups 
(Table 3).

When survival durations of post-CPR patients and other ICU 
patients were analyzed using the Kaplan-Meier method, a 
statistically significant difference was observed between the 
groups (Log-rank test, χ²=7.470, p=0.006). The mean survival 
time was calculated as 26.1 days (95% CI: 14.4–37.9) for the 
post-CPR group and 23.9 days (95% CI: 18.6–29.2) for the 
other ICU group.

However, the median survival time was markedly shorter 
in the post-CPR group—6 days (95% CI: 1–13), compared to 
24 days (95% CI: 11.7–36.2) in the non-CPR ICU group. This 
difference aligns with an increase in early-phase mortality 
observed in the survival curve. These findings clearly indicate 
that post-CPR patients are at a significantly higher risk of 
early mortality during the ICU stay (Figure 1).

Discriminant Analysis for Post-CPR Patients
In previous traditional statistical analyses, several clinical and 
laboratory parameters were found to significantly differentiate 
post-CPR patients from other ICU patients. It was also 
observed that ICU and hospital mortality rates were higher, 
and median survival times were significantly shorter in the 
post-CPR group. To identify which parameters distinctly 
characterize the post-CPR patient profile compared to other 
ICU patients, a discriminant analysis was performed.

The resulting model was found to be statistically significant 
(Wilks' Lambda=0.522, χ²=47.814, df=13, p<0.001). The 
canonical correlation coefficient of the model was 0.692, 
indicating a strong discriminatory power of the discriminant 

function. The eigenvalue of the function was calculated as 
0.917.

Box’s M test result (F=6.185, p<0.001) indicated that the 
variance-covariance matrices were not equal across groups. 
However, given the equal sample sizes in both groups, this 
inequality did not substantially affect the model’s reliability.

Among the variables included in the model, the following 
showed statistically significant differences between the 
groups: APACHE II score, NUTRIC score, SOFA score, CRP, 
ALT, GFR, ALP, albumin, MPV, type 2 respiratory failure, 
and use of inotropic support. Examination of the structure 
matrix revealed that the variables contributing most to the 
discriminant function were, in order: inotropic support 
(r=0.624), APACHE II score (r=0.527), NUTRIC score 
(r=0.424), and SOFA score (r=0.417).

The group centroid values for the discriminant function were 
calculated as +0.946 for post-CPR patients and –0.946 for 
other ICU patients, indicating a clear separation between the 
groups by the discriminant function (Table 4).

Table 3. Comparison of categorical variables between post-CPR and other 
ICU patients

Variable
Other ICU 

patient group 
(n=41), n (%)

Post-CPR 
patient group 
(n=41), n (%)

p-value

Inotropic support 9 (22.0%) 30 (73.2%) <0.001c

ICU mortality 15 (36.6%) 31 (75.6%) <0.001c

Malignancy 9 (22.0%) 10 (24.4%) 0.794c

Sex (male) 28 (68.3%) 29 (70.7%) 0.810c

Hospital mortality 16 (39.0%) 33 (80.5%) <0.001c

ICU readmission 3 (7.3%) 3 (7.3%) 1.000d

Type 2 respiratory failure 29 (70.7%) 15 (36.6%) 0.002c

CPR: Cardiopulmonary resuscitation, ICU: Intensive care unit, cPearson Chi-square test, dFisher’s 
exact test

Figure 1. Kaplan–Meier survival curves comparing post-CPR and other ICU 
patients
CPR: Cardiopulmonary resuscitation, ICU: Intensive care unit

Table 4. Enter method: contribution of all variables to discriminant function

Variable Structure coefficient (r)

Inotropic support 0.624

APACHE II 0.527

NUTRIC score 0.424

SOFA score 0.417

Albumin -0.408

Type 2 respiratory failure -0.381

CRP 0.340

ALP 0.306

ALT 0.262

GFR -0.250

MPV 0.234

AST 0.225

PCT 0.123
APACHE: Acute Physiology and Chronic Health Evaluation, NUTRIC: Nutrition Risk in Critically 
Ill, SOFA: Sequential Organ Failure Assessment, ALT: Alanine aminotransferase, AST: Aspartate 
aminotransferase, GFR: Glomerular filtration rate, PCT: Procalcitonin, ALP: Alkaline phosphatase, 
MPV: Mean platelet volume, CRP: C-reactive protein
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As an alternative approach, stepwise discriminant analysis 
was applied, in which the variables contributing most 
significantly to the model were automatically selected. As a 
result of this method, a statistically significant discrimination 
between the groups was achieved by including only three 
variables: inotropic support, APACHE II score, and ALP.

This finding suggests that a more parsimonious model can 
be constructed using a limited number of clinically relevant 
variables, while still maintaining a discriminatory power 
comparable to the enter method (Canonical correlation: 0.608, 
Table 5). After normalizing the potential multicollinearity 
effects among the model variables, their respective weights 
within the model were provided in Table 6.

Machine Learning Modeling (Random Forest)
Initially, a Random Forest model was developed to predict 
mortality among all patients admitted to the ICU included in 
the study. The model was evaluated using a 70% training and 
30% testing split across 10 randomized iterations. To address 
class imbalance, the ADASYN algorithm was applied only to 
the training sets in each iteration.

For every iteration, performance metrics were calculated on 
the corresponding test data, and average values were obtained 
to assess the overall success of the model.

The model achieved an average area under the receiver 
operating characteristic curve (AUC) of 0.914 (±0.065), 
indicating a high discriminatory power in predicting 
mortality. The average accuracy was 86.4%, precision 94.6%, 

recall 82.7%, and F1-score 87.9%. These results demonstrate 
that the model achieved robust classification performance on 
class-balanced data (Table 7).

Based on the feature importance rankings, the most influential 
variables in the model were inotropic support, APACHE II 
score, CRP level, and SOFA score. Parameters such as AST, 
ALT, PCT, nutritional scores, and GFR also contributed 
significantly to the model (Figure 2).

A separate machine learning model was developed specifically 
for the post-CPR subgroup, using only real patient data. In this 
analysis, no synthetic sampling techniques such as ADASYN 
or SMOTE were applied; instead, the modeling process was 
conducted exclusively on the existing sample of 41 patients.

The dataset was randomly split 10 times into 70% training 
and 30% testing sets. For each split, a separate Random 
Forest classification model was constructed. In each iteration, 
performance metrics were evaluated on the corresponding 
test set, and the average of these metrics was calculated to 
determine the overall model performance (Table 8).

The average feature importance scores from these models 
are presented in Figure 3. Additionally, the average feature 
importance scores obtained from both machine learning 
analyses were compared and presented in Table 9.

Logistic Regression Analysis
Based on the Random Forest model, a logistic regression 
analysis was performed using the variables with the highest 
feature importance in the general model, applying the enter 
method. This approach was selected to test the consistency of 

Table 5. Structure coefficientes from stepwise discriminant analysis

Variable Structure coefficient (r)

Inotropic support 0.779

APACHE II 0.658

SOFA score* 0.525

NUTRIC score* 0.492

ALP 0.382

PCT* 0.338

AST* 0.262

ALT* 0.254

Albumin* -0.252

GFR* -0.197

CRP* 0.192

Type 2 respiratory failure* -0.131

MPV* 0.015
APACHE: Acute Physiology and Chronic Health Evaluation, NUTRIC: Nutrition Risk in Critically 
Ill, SOFA: Sequential Organ Failure Assessment, ALT: Alanine aminotransferase, AST: Aspartate 
aminotransferase, GFR: Glomerular filtration rate, PCT: Procalcitonin, ALP: Alkaline phosphatase, 
MPV: Mean platelet volume, CRP: C-reactive protein,* Not included in the final model by stepwise 
method

Table 6. Variable contributions to the discriminant function

Variable Standardized coefficient Structure matrix 
(correlation r)

Inotropic support 0.557 0.779

APACHE II 0.609 0.658

ALP 0.434 0.382
APACHE: Acute Physiology and Chronic Health Evaluation, ALP: Alkaline phosphatase

Table 7. Mean performance metrics and standard deviations for the general 
mortality model (ADASYN applied)

Performance metric Mean value Standard deviation

ROC AUC 0.914 ±0.065

Accuracy 0.864 ±0.076

Precision 0.946 ±0.083

Recall 0.827 ±0.090

F1 score 0.879 ±0.067
ADASYN: Adaptive Synthetic Sampling, ROC: Receiver operator characteristic, AUC: Area under 
the curve 

Figure 2. Mean importance rankings of the parameters in the general 
mortality prediction models built using random forest
ICU: Intensive care unit, APACHE: Acute Physiology and Chronic Health Evaluation, SOFA: 
Sequential Organ Failure Assessment, NUTRIC: Nutrition Risk in Critically Ill, CPR: Cardiopulmonary 
resuscitation, NRS : Nutritional Risk Screening
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the variables highlighted by the machine learning model with 
traditional statistical methods.

The model included the following variables: inotropic 
support, SOFA score, APACHE II score, CRP PCT, AST, and 
ALT. The logistic regression analysis indicated that the model 
had a good overall fit (Hosmer-Lemeshow test p=0.762) and 
explained a substantial portion of the variance (Nagelkerke 
R²=0.764). The model predicted mortality status with an 
accuracy rate of 90.2%. Notably, inotropic support was found 
to be a strong predictor of mortality (OR: 0.014, 95% CI: 
0.001–0.163, p<0.001). In other words, patients who received 
inotropic support had approximately 71 times higher risk of 
death compared to those who did not (1/0.014≈71).

A second logistic regression analysis was conducted using 
the variables with the highest importance scores from 
the post-CPR Random Forest model, also using the enter 
method. The variables included in this model were inotropic 
support, platelet count, MPV, gender, and CRP. The model 
demonstrated a statistically significant overall fit (Omnibus 
test, p<0.001) and a high variance explanation (Nagelkerke 
R²=0.787). The Hosmer-Lemeshow test result (p=1.000) 
indicated no significant difference between observed and 
expected mortality outcomes, suggesting a good model fit.

The overall accuracy of the model was 95.1%, with a sensitivity 
of 100% and a specificity of 75.0% in predicting mortality. 
However, none of the variables included in the model reached 
statistical significance. In particular, the odds ratio calculated 
for inotropic support was OR: 0.000, 95% CI: 0.000–8312.661, 
which was not significant due to the high variance. This 

result suggests that the model's variables may yield unstable 
outcomes due to the small sample size.

DISCUSSION
In our study, no statistically significant differences were 
observed between the post-CPR patient group and other ICU 
patients in terms of age, gender, comorbidities, or presence 
of malignancy. However, the post-CPR group demonstrated 
significantly higher NUTRIC scores compared to the other 
group. No significant difference was found in NRS-2002 
scores. Previous studies have shown that the NUTRIC score 
offers superior predictive ability in ICU settings compared to 
other nutritional risk scores.20 Moreover, modified NUTRIC 
scores have been shown to be closely associated with 28-day 
mortality in ICU patients.21

Another distinguishing parameter in the post-CPR group was 
a significantly higher APACHE II score. APACHE II emerged 
as a prominent predictor of mortality both in the discriminant 
analysis and in the Random Forest-based machine learning 
model. A retrospective cohort study conducted in India 
involving 37 patients who were followed in the ICU after in-
hospital cardiac arrest found that higher APACHE II scores 
were associated with increased mortality.22 Furthermore, a 

Table 8. Mean performance metrics and standard deviations for the post-
CPR model (without ADASYN)

Performance metric Mean value Standard deviation

ROC AUC 0.840 ±0.141

Accuracy 0.800 ±0.137

Precision 0.855 ±0.105

Recall 0.900 ±0.082

F1 score 0.875 ±0.085
ADASYN: Adaptive Synthetic Sampling, ROC: Receiver operator characteristic, AUC: Area under 
the curve

Figure 3. Mean importance rankings of the parameters in the mortality 
prediction models for the post-CPR patient group built using random forest
APACHE: Acute Physiology and Chronic Health Evaluation, SOFA: Sequential Organ Failure 
Assessment, CPR: Cardiopulmonary resuscitation, ICU: Intensive care unit, NRS : Nutritional Risk 
Screening

Table 9. Comparative mean importance scores of variables in two models

Variable Post-CPR model 
(no ADASYN)

General model 
(ADASYN applied)

Albumin 0.033 0.017

ALP 0.025 0.035

ALT 0.043 0.041

APACHE II 0.026 0.113

AST 0.054 0.040

WBC 0.033 0.028

CCI 0.029 0.014

CRP 0.066 0.095

Sex 0.105 0.013

GFR 0.018 0.034

GGT 0.042 0.032

Malignancy 0.006 0.021

MPV 0.124 0.044

NRS-2002 0.010 0.009

NUTRIC score 0.026 0.040

Post-CPR N/A 0.036

PCT 0.044 0.046

SOFA score 0.019 0.104

ICU readmission 0.003 0.010

Platelet 0.099 0.042

Type 2 respiratory failure 0.036 0.004

BMI 0.053 0.027

Age 0.017 0.021

Inotropic support 0.090 0.135
ADASYN: Adaptive Synthetic Sampling, ALP: Alkaline phosphatase, ALT: Alanine aminotransferase, 
APACHE II: Acute physiology and chronic health evaluation II, AST: Aspartate aminotransferase, 
WBC: White blood cell count, CRP: C-reactive protein, GFR: Glomerular filtration rate, GGT: 
Gamma-glutamyl transferase, MPV: Mean platelet volume, NRS-2002: Nutritional Risk Screening 
2002, NUTRIC: Nutrition Risk in Critically Ill, SOFA: Sequential organ failure assessment, BMI: 
Body-mass index, CCI: Charlson comorbidity index, PCT: Procalcitonin, ICU: Intensive care unit, 
CPR: Cardiopulmonary resuscitation
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large-scale study using data from 16.940 critically ill patients 
on mechanical ventilation, where 83% of the dataset was used 
for model training and 17% for testing, also reported similar 
findings. In that model, the most significant predictors of 30-
day mortality were APACHE II score, CCI, and the need for 
norepinephrine—results that are consistent with our model 
based on a much smaller dataset. In our overall ICU patient 
model, APACHE II score, inotropic support, CRP, and SOFA 
score emerged as the most important predictors.23

We believe that the methodological approach—correct model 
development, addressing data imbalance using ADASYN, 
improving learning from borderline samples, and building 
10 randomized model iterations with averaged performance 
from a dataset of 82 patients—contributed to results that are 
in line with the existing literature.

In our discriminant analysis, which aimed to characterize 
post-CPR patients in the ICU, the three most defining 
features were a high APACHE II score, significantly greater 
need for inotropic support, and elevated ALP levels. A recent 
and impactful study from 2024 reported that in patients who 
developed acute liver injury following cardiac arrest, serum 
ALP levels were identified as an independent predictor of poor 
prognosis in a retrospective analysis.24

In the mortality prediction model specifically developed for 
the post-CPR patient subgroup, some interesting findings 
emerged. While the APACHE II score ranked among the 
top predictors in the general model, it appeared to be less 
influential in the post-CPR subgroup. Instead, MPV, gender, 
and platelet count surfaced as the top-ranked variables. 
Notably, the need for inotropic support continued to hold a 
prominent position even within the mortality prediction of 
post-CPR patients.

We attribute the diminished importance of the APACHE 
II score to the fact that all post-CPR patients in our dataset 
exhibited uniformly high and similar APACHE II scores 
within the first 24 hours of ICU admission. Supporting this, 
previous studies analyzing hospital mortality prediction 
following cardiac arrest through artificial intelligence 
modeling have shown that AI-based models outperformed 
APACHE scores alone. In homogeneous patient groups, the 
APACHE score has been found less effective in discriminating 
mortality, whereas models incorporating age, gender, and 
physiological parameters performed better.25

As for platelet-related variables, the literature presents 
conflicting evidence regarding platelet count, red cell 
distribution width (RDW), and MPV. In a study by Cotoia et 
al.,26 MPV and platelet count were found to be unrelated to 
mortality in post-cardiac arrest patients. However, another 
study demonstrated that thrombocytopenia and elevated 
MPV levels were strongly associated with mortality in ICU 
patients.26,27

Among the traditional statistical findings of our study, PCT 
and CRP levels were significantly higher in post-CPR patients 
compared to other ICU patients. It is known that in post-
cardiac arrest syndrome, due to the acute inflammatory 
response triggered by cardiac arrest, an early increase in 
PCT levels—followed by a delayed rise in CRP—can occur 

independently of infection. Furthermore, this inflammatory 
profile has been associated with poor prognosis in this patient 
population.28,29

Both CRP and PCT ranked among the top features in the 
feature importance list of our Random Forest mortality 
prediction model for post-CPR patients.

ALT, AST, and GFR values also showed statistically significant 
differences in post-CPR patients. ALT and AST levels were 
higher, whereas GFR was lower. These parameters, indicative 
of multi-organ failure, are expected findings in this patient 
group and are associated with poor prognosis.30

The observation that type 2 respiratory failure was less 
common among post-CPR patients compared to other ICU 
patients should be interpreted within the context of the hospital 
where the study was conducted. In this institution, patients 
with respiratory failure are more frequently monitored and 
typically respond well to non-invasive mechanical ventilation 
(NIMV) therapy. This may explain why the diagnosis of type 
2 respiratory failure was more prevalent in the other ICU 
patient group.

Albumin levels were also significantly lower in the post-CPR 
group. This finding is supported by studies indicating that 
higher serum albumin levels are associated with reduced 
mortality in post-cardiac arrest patients.31 In our study, 
both mortality and hypoalbuminemia were notable clinical 
features within the post-CPR group.

In artificial intelligence modeling, the presence of imbalanced 
datasets—such as when the number of deceased patients is 
lower than survivors—can result in models that are biased 
toward predicting survival. Additionally, if the dataset 
contains few borderline cases for the variables being studied 
(e.g., a patient with no inotropic support but a high APACHE II 
score), and if the model is not well-trained on such instances, 
its mortality prediction performance can decrease.

Oversampling methods have been proposed in the literature as 
solutions to these challenges, to be applied prior to statistical 
analysis. For instance, at the 6th International Conference on 
Software Engineering and Information Management in 2023, 
a logistic regression analysis developed using the ADASYN 
method to model mortality in patients presenting with typical 
chest pain due to acute myocardial infarction was reported to 
be the most successful approach.32

Furthermore, recent collaborative projects between MIT 
and a medical center in Israel have led to the development 
of numerous studies utilizing large datasets consisting of 
thousands of patients’ clinical and laboratory data. Most of 
these studies are based on machine learning-driven AI models. 
Even with such large datasets, oversampling techniques such 
as ADASYN and SMOTE were applied to protect models from 
the adverse effects of data imbalance and to enhance learning 
from borderline examples.33

Limitations 
This study has several limitations. Most notably, we were 
unable to include data on the duration of CPR and the initial 
cardiac rhythm detected due to significant inconsistencies 
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in these records. Although these variables are recognized 
as important in the literature, they were excluded from our 
analysis. Despite conducting a retrospective review of hospital 
records over a well-documented three-year period, only 41 
post-CPR patients met the inclusion criteria.

We excluded out-of-hospital cardiac arrests because we could 
not reliably differentiate witnessed from unwitnessed arrests. 
Furthermore, the time required to achieve minimum clinical 
stabilization during patient transfers from other centers to 
our ICU made these cases unsuitable for inclusion. Another 
limitation is the inability to implement targeted temperature 
management (TTM) at our institution, which may have 
impacted patient outcomes.

From a statistical and technical perspective, while the 
models demonstrated high performance metrics, caution 
is warranted when interpreting their generalizability to 
real-world clinical settings. The study was conducted on a 
relatively small sample of 82 patients, which increases the risk 
of overfitting. Additionally, the number of features included 
in the models was relatively high compared to the sample 
size, potentially leading to model overtraining and artificially 
inflated validation results. In some data splits, an AUC of 1.0 
was observed, supporting this concern.

While the model's robustness was assessed through repeated 
train-test splits, no subgroup fairness analysis (e.g., by age or 
sex) was conducted due to limited sample size. This limitation 
should be addressed in future studies.

Furthermore, although the ADASYN method improved the 
model’s ability to learn from borderline cases by generating 
synthetic examples for the minority class, it also introduces 
the risk of embedding artificial patterns into the training data. 
This could reduce the model’s performance when applied to 
real patient populations.

Therefore, external validation is essential in future applications 
of this model. It should be tested on larger, multicenter patient 
cohorts to ensure robustness. Additionally, comparative 
analyses with more simplified models are recommended to 
more realistically assess the model’s suitability for clinical use. 

CONCLUSION
Despite the limitations of our study, we believe that this 
analysis, which focused on post-CPR ICU patients compared 
to other ICU patients, offers a novel perspective on survival 
analysis. Although artificial intelligence-supported analyses 
are becoming increasingly common in medical research, we 
emphasize the importance of exercising caution regarding the 
reliability and generalizability of these results.

We describe our study's methodology as a hybrid approach 
to mortality analysis. The sequence of "describe–classify–
compare–validate" serves as a stepwise validation process in 
which each stage scrutinizes the preceding one. We believe 
this approach exemplifies a model of controlled integration of 
artificial intelligence into the medical literature, where AI use 
is expanding rapidly.

Our findings indicate that while certain mortality-related 
factors differ between post-CPR and other ICU patients, 

active infection/inflammation and the need for inotropic 
support remain strong predictors of mortality in both groups. 
When interpreted in conjunction with the literature, we 
also conclude that clinical scoring systems such as APACHE 
continue to serve as robust alternative predictors to AI-based 
models in mortality prediction.
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