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Abstract

Background: This study aimed to train, validate and compare predictive models that use machine learning analysis for good neurological recovery in

OHCA patients.

Methods: Adult OHCA patients who had a presumed cardiac etiology and a sustained return of spontaneous circulation between 2013 and 2016 were

analyzed; 80% of the individuals were analyzed for training and 20% were analyzed for validation. We developed using six machine learning algorithms:

logistic regression (LR), extreme gradient boosting (XGB), support vector machine, random forest, elastic net (EN), and neural network. Variables that

could be obtained within 24 hours of the emergency department visit were used. The area under the receiver operation curve (AUROC) was calculated to

assess the discrimination. Calibration was assessed by the Hosmer–Lemeshow test. Reclassification was assessed by using the continuous net

reclassification index (NRI).

Results: A total of 19,860 OHCA patients were included in the analysis. Of the 15,888 patients in the training group, 2228 (14.0%) had a good

neurological recovery; of the 3972 patients in the validation group, 577 (14.5%) had a good neurological recovery. The LR, XGB, and EN models showed

the highest discrimination powers (AUROC (95% CI)) of 0.949 (0.941–0.957) for all), and all three models were well calibrated (Hosmer–Lemeshow test:

p >0.05). The XGB model reclassified patients according to their true risk better than the LR model (NRI: 0.110), but the EN model reclassified patients

worse than the LR model (NRI: �1.239).

Conclusion: The best performing machine learning algorithm was the XGB and LR algorithm.
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Introduction

Out-of-hospital cardiac arrest (OHCA) is a disease with a significant
public health burden and has a low survival rate and a high disability
rate.1–3 The outcomes of OHCA depend on multiple variables, which

include the patient, community, emergency medical service (EMS),
and hospital care. Some of these factors can be changed, while others
cannot.4

Various prediction models for OHCA outcomes that used
traditional biostatistical methods were developed but were either
not reliable or were not valid.5–10 Machine learning analysis is a new
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technology for predicting a cardiac event by using a large sample of
data with multiple and complex interactions among variables.
Previous studies have reported the prediction performance of the
incidence of cardiac arrest rather than the outcomes after cardiac
arrest events.11–13 Additionally, various algorithms have been
developed to improve the prediction performance. One study
compared six machine learning algorithms for the prediction of ROSC
and survival. However, a limited number of variables and a small
sample of less than 500 patients were used in that study.14

The aim of this study was to train, validate and compare predictive
models for good neurological recovery by using machine learning
algorithms in OHCA patients.

Methods

Study design and setting

This study was a cross-sectional study that used a nationwide,
prospective, EMS-based OHCA registry in Korea. The EMS system is
exclusively operated by the National Fire Agency. EMS providers can
administer CPR with the use of automatic defibrillators at the scene
and during transport and can provide limited advanced life support
(ALS), including intravenous fluids, endotracheal intubation, or
supraglottic airway insertion under direct medical control of a
physician.15 The EMS provider cannot declare a state of death or
stop CPR unless the patient regains a pulse. All EMS-assessed
patients are transported to the nearest hospital emergency
department (ED) by the standard EMS CPR protocol.

Data source

The Korean OHCA registry, which monitors all incident cases of
EMS-assessed OHCA in the country, was retrieved from the
following four sources: the EMS run sheets for basic ambulance
operation information, the EMS cardiac arrest registry, the
dispatcher CPR registry for the Utstein factors, and the hospital
medical record review registry for hospital care and outcomes. A
detailed description of the data acquisition of each registry, as well
as the training and quality of the medical record reviewers, are
described in previous studies.16,17

Study population

Patients with OHCA who had presumed cardiac etiologies, who were
aged 18 years or older and who gained sustained ROSC in EDs
between 2013 to 2016 were included in the analysis. Patients were
excluded if they had missing information regarding their neurological
statuses at the time of their hospital discharges or if they had missing
information in covariables that included witness status, bystander
CPR, initial rhythm, and response time. Patients who had missing
information concerning the start time of the post-resuscitation care,
including TTM, PCI, and ECMO therapies, were also excluded.

Main outcome

The primary outcome of the study was a good neurological recovery
at the time of discharge from the hospital. Good neurological
recovery was recorded if the patient had a cerebral performance
category 1 or 2.

Variables and preprocessing

We collected the patients’ demographic, community, EMS and
hospital care information. A total of 22 variables, including the
primary outcome, were used in the analysis. Detailed descriptions
of the variables are presented in Supplementary Table 1. Most of
the continuous variables were preprocessed with centering and
scaling, and the categorical variables were preprocessed with
the one-hot encoding (dummy variable encoding) method. EDs
were categorized into either a high-volume ED, which indicated
that the annual mean cardiac arrest patient volumes of the EDs
were more than or equal to 40, or a low volume ED, which
indicated that the annual mean cardiac arrest patient volumes of
the EDs were less than 40. The cutoff volume point was derived
from previous studies.18,19 Both no flow time and low flow time
were categorized into four quartiles. Patients who had missing
information regarding no flow and low flow times were incorpo-
rated into the “not calculated” category because we thought that
low flow and no flow time data were not randomly missing and
provided additional information if they were missing. For
example, in patients with prolonged arrests, information might
often be missing concerning these variables. Treating missing
information as another categorical variable in clinical research
that uses machine learning algorithms has been utilized in
previous studies.20,21 For post-resuscitation care, information
about care that was provided within 24 h of the ED visit was
collected. For each of the post-resuscitation therapies, the
variables were categorized according to the quartile of time
from ED arrival to the start of each therapy, because the time to
post-resuscitation care is known to be important for patient
outcomes.22–24 For patients who did not undergo post-resuscita-
tion care, an additional “not conducted” category was included for
each category of post-resuscitation care.

Model development

We developed prediction models for good neurological recovery
by using the following six machine learning algorithms: logistic
regression (LR), extreme gradient boosting (XGB), support vector
machine (SVM), random forest (RF), elastic net (EN), and neural
net (NN). The LR algorithm was chosen as the baseline
comparison algorithm because it is commonly used in the medical
field and has been used for previous prediction model develop-
ment in the study of OHCA.5,8,10 The other five algorithms were
selected based on their ability to model nonlinear associations, on
their relative ease of implementation, and on their general
acceptance in the machine learning community.21,25–29 Details
of each Model and hyperparameter tuning processes are
described in the Supplementary Methods 1. All algorithms are
either a function that map the predictors to a value between 0 and 1
that corresponds to the probability of the outcome occurring or has
a method to calculate the probability.

The study population was split into a training cohort from
which each of the machine learning prediction models were
derived and a validation cohort in which the prediction models
were applied and tested. The training cohort was derived from a
random sampling of 80% of the entire cohort within each of the
outcome categories in order to preserve the overall distribution
of the outcomes; the validation cohort comprised the
remaining 20%.
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Statistical analysis

The demographic findings and survival outcomes of the study
population were described in this study. Additionally, the baseline
characteristics of the training cohort and the validation cohort were
compared. The continuous variables were compared by using
Student's T-test or the Wilcoxon rank sum test, and the categorical
variables were compared by using the chi-squared test or the Fisher
exact test, as appropriate. Unadjusted odds ratios (ORs), with 95%
confidence intervals (CIs) for each variable for the study outcome in
the training cohort, were calculated by using the LR analysis to assess
the unadjusted association between each of the variables and the
study outcome.

We assessed the discrimination performance by comparing the
area under the receiver operating characteristic curve (AUROC) for
each model in the validation cohort. We assessed the calibration
power by using the Hosmer–Lemeshow test, the scaled Brier score,
and a calibration plot in the validation cohort.30 The test characteristics
of each of the models in the validation cohort, including the sensitivity,
specificity, and positive and negative predictive values with 95% CIs,
were reported. The cutoff probability used to assess the test
characteristics is 0.5 in all models. The added prognostic power of
each prediction model compared to the LR model was also evaluated
by continuous net reclassification index (NRI). NRI is a statistical
method to quantify how well a new model correctly reclassifies study

population with the other models. Details of NRI is described in
Supplementary method 2. By using a model specific metric, the
variable importance of each model was assessed, except for the SVM
algorithm. The variable importance was determined by the coefficient
effect sizes for the LR model. The XGB and RF models were ranked by
variable importance on the selection frequency of the variable as a
decision node. The absolute value of the coefficients corresponding to
the tuned model were used for the measurement of variable
importance in the EN algorithm. The NN algorithm used an overall
weighting of the variable within the model.31

Two additional analyses were conducted to compare the machine
learning algorithms. First, we developed another prediction model by
using different variable sets. Two additional variable sets were
implemented: 1) a prehospital variable set (set 1), which included all
variables except for no flow time, low flow time, and the post-
resuscitation care variables (PCI, TTM and ECMO) and represented
the variables that could be obtained immediately at the ED visit; 2) an
ED variable set (set 2), which included the variables except for the
post-resuscitation care variables; and 3) an all variable set (set 3),
which was used in our main analyses and represented the variables
that could be obtained within 24 hours of ED visit. The discrimination
and reclassification improvements were calculated for the validation
cohort to assess how each machine learning algorithms adapt
additional variables in model to improve performance. Second, by
using a cutoff probability of 0.01, we assessed the test characteristics

Fig. 1 – Flow diagram. OHCA: out of hospital cardiac arrest; ROSC: return of spontaneous circulation.
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Table 1 – Distribution and univariable logistic regression analyses for good neurological recovery in the training
cohorts.

Characteristics N (%) Good neurological recovery

(%) OR (95% CI)

All 15,888 14.0
Age
mean (SD) [years] 66.3 (15.3) N/A 0.95 (0.95–0.95)*

Gender
Female 5363 (33.8%) 8.3 Reference
Male 10,525 (66.2%) 17.0 2.26 (2.03–2.52)

Diabetes
No 11,847 (74.6%) 15.6 Reference
Yes 4041 (25.4%) 9.3 0.55 (0.49–0.62)

Hypertension
No 9678 (60.9%) 14.4 Reference
Yes 6210 (39.1%) 13.4 0.92 (0.83–1.00)

Heart disease
No 12,886 (81.1%) 12.9 Reference
Yes 3002 (18.9%) 19.1 1.6 (1.44–1.77)

Stroke
No 14,481 (91.1%) 14.6 Reference
Yes 1407 (8.9%) 7.9 0.5 (0.41–0.61)

Cancer
No 14,209 (89.4%) 15.0 Reference
Yes 1679 (10.6%) 6.1 0.37 (0.30–0.46)

Place of arrest
Public 3515 (22.1%) 25.8 Reference
Private 10,278 (64.7%) 9.6 0.31 (0.28–0.34)
Ambulance 1875 (11.8%) 14.5 0.49 (0.42–0.57)
Others 220 (1.4%) 28.2 1.13 (0.83–1.53)

Witness status
Not witnessed 5490 (34.6%) 7.4 Reference
Layperson, or first responders 8070 (50.8%) 18.4 2.83 (2.52–3.17)
EMS-provider 2328 (14.7%) 14.6 2.15 (1.84–2.50)

Bystander CPR
No 8199 (51.6%) 10.6 Reference
Without dispatcher assistance 1810 (11.4%) 18.2 1.88 (1.64–2.16)
With dispatcher assistance 5879 (37.0%) 17.6 1.80 (1.63–1.98)

Bystander AED use
No 15,386 (96.8%) 14.0 Reference
Yes 502 (3.2%) 14.3 1.03 (0.80–1.32)

Bystander defibrillation
No 15,747 (99.1%) 13.9 Reference
Yes 141 (0.9%) 30.5 2.72 (1.9–3.91)

Response time, median (IQR), min 6.0 (5.0;9.0) N/A 0.94 (0.93–0.95)y

Initial rhythm
Shockable 3355 (21.1%) 51.9 Reference
PEA 2616 (16.5%) 8.2 0.08 (0.07–0.10)
Asystole 9917 (62.4%) 2.8 0.03 (0.02–0.03)

Prehospital IV line placement
No 12,896 (81.2%) 12.8 Reference
Yes 2992 (18.8%) 19.3 1.62 (1.46–1.80)

Prehospital advanced airway management
No 963 (6.1%) 13.5 Reference
Endotracheal intubation 3808 (24.0%) 14.4 1.08 (0.88–1.32)
Supraglottic airway 11,117 (70.0%) 13.9 1.04 (0.86–1.26)

Prehospital mechanical CPR device use
No 15,688 (98.7%) 14.1 Reference
Yes 200 (1.3%) 11.5 0.79 (0.51–1.23)

No flow time
0 min 4150 (26.1%) 17.4
1–4 min 2915 (18.3%) 22.4 1.37 (1.22–1.55)
4–9 min 3168 (19.9%) 14.4 0.27 (0.22–0.32)
11– min 3257 (20.5%) 5.3 0.80 (0.70–0.91)
Not calculated 2398 (15.1%) 9.3 0.49 (0.42–0.57)
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of each prediction model in the validation cohort. The cutoff probability
of 0.01 was chosen because 99% sensitivity for good neurological
recovery is a commonly used threshold for the termination of
resuscitation rules (TOR). Therefore, this analysis was used to
compare the performance of each of the models as a TOR tool.32

All statistical analyses were performed by using R version 3.5.1.
with packages included caret, e1071, xgboost, randomForest, glmnet,
and nnet for the analysis of the machine learning algorithms.

Ethical statements

This study complied with the Declaration of Helsinki, and its protocol
was approved by the Institutional Review Board on the study site with a
waiver of informed consent.

Results

Demographic findings

Among the 100,440 EMS-treated OHCA patients, 19,860 patients
were included in the final analysis. This cohort was split into 2
samples: an 80% sample, consisting of 15,888 patients in the
training cohort, and a remaining sample of 3972 patients who was
used for validation (Fig. 1).

From the total training cohort of 15,888 patients, the survival-to-
discharge rate was 23.4%, and the good neurological recovery rate was
14.0%. There was no significant difference in the baseline characteristics
between the training cohort and the validation cohort (Supplementary
Table 2). Table 1 shows the association between the predictor variables
and good neurological recovery (Table 1).

Main analyses

The classification results of the machine learning models on the
validation cohorts are presented in Table 2 and Supplementary
Fig. 1. The LR, XGB, and EN models had the highest AUROC
(AUROC, 95% CI) at 0.949 (0.941–0.957), 0.949 (0.941–0.957), and
0.949 (0.941–0.957), respectively. There were no significant differ-
ences in the AUROC among the LR, XGB, and EN models. The XGB
and RF models resulted in continuous reclassification improvement
compared to the LR model (NRI, 95% CI): 0.110 (0.022–0.198) and
0.305 (0.218–0.393), respectively. All other algorithms showed
worse reclassifications than the LR model especially in the EN
model (NRI, 95% CI): �1.239 (�1.309 to �1.169) (Table 2).
Supplementary Fig. 2 shows the calibration plot for each of the
machine learning models. Calibration was poor for the SVM and RF
models (Hosmer–Lemeshow test: all p values <0.001). Supple-
mentary Table 3 shows the top 10 most important variables for each
of the prediction models.

Table 1 (continued)

Characteristics N (%) Good neurological recovery

(%) OR (95% CI)

Low flow time
0–20 min 3746 (23.6%) 42.2 Reference
21–34 min 3600 (22.7%) 9.4 0.14 (0.12–0.16)
35–54 min 3564 (22.4%) 2.9 0.04 (0.03–0.05)
55- min 3630 (22.8%) 1.7 0.02 (0.02–0.03)
Not calculated 1348 (8.5%) 11.1 0.17 (0.14–0.21)

Annual volume of ED
<40 741 (4.7%) 4.2 Reference
�40 15,147 (95.3%) 14.5 3.89 (2.70–5.58)

PCI
Not done 14,673 (92.4%) 11.1 Reference
0–70 min 305 (1.9%) 60.7 12.34 (9.75–15.61)
71–92 min 303 (1.9%) 51.5 8.49 (6.74–10.70)
93–137 min 298 (1.9%) 38.5 5.01 (3.96–6.34)
138- min 309 (1.9%) 46.3 6.90 (5.46–8.72)

TTM
Not done 14,411 (90.7%) 12.2 Reference
0–90 min 378 (2.4%) 33.6 3.65 (2.93–4.54)
91–153 min 362 (2.3%) 34.3 3.75 (3.01–4.69)
154–240 min 369 (2.3%) 32.2 3.43 (2.74–4.29)
241- min 368 (2.3%) 27.7 2.76 (2.19–3.49)

ECMO
Not done 15,495 (97.5%) 14.1 Reference
0–50 min 101 (0.6%) 14.9 1.06 (0.61–1.84)
51–82 min 101 (0.6%) 3.0 0.19 (0.06–0.59)
83–153 min 93 (0.6%) 9.7 0.65 (0.33–1.3)
154- min 98 (0.6%) 15.3 1.10 (0.63–1.91)

OR, odds ratio; 95% CI, 95% confidence interval; CPR, cardiopulmonary resuscitation; AED, automated electrical defibrillation; IV, intravenous; ED, emergency
department; PCI, percutaneous coronary intervention; TTM, targeted temperature management; ECMO, extracorporeal membrane oxygenation.
yResponse time: odd ratios were calculated per 1-min increase.
* Age: odds ratios were calculated per 1-year increase.
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Table 3 shows the performance change of good neurological
recovery prediction among the models that used different variable
sets. The AUROC was increased by more than 3.0% when no flow
time and low flow time were added to the variables obtained
immediately after ROSC. Although the magnitude was less than 1%,
the AUROC was also significantly increased when the post-
resuscitation care variables were added to the variable list, except
for the NN model. The NRI significantly increased in most of the cases
when variables were added. However, the NN model with the post-
resuscitation care variables showed a worse reclassification than the
model without the hospital variables (Table 4).

Table 4 shows the test characteristics of each prediction model
when using the cutoff probability of 0.01 for good neurological
recovery in the validation cohort. The positive predictive value was the
highest in the RF model and the smallest in the SVM model (positive
predictive value [%] (95% CI): 25.0 (23.2–26.8) vs 16.8 (15.6–18.1),
respectively). The negative predictive value was the highest in the
SVM model and the lowest in the RF model (negative predictive value
[%] (95% CI): 100.0 (99.3–100.0) vs 99.3 (98.8–99.6), respectively).

Discussion

This study developed, validated, and compared several prediction
models by using machine learning algorithms and data from the
national OHCA registry. The best performance machine learning
algorithms for predicting good neurological recovery in OHCA
patients were the LR and XGB model. Comparing to the LR model,
discrimination was significantly lower in the SVM, RF and NN model.
Although NRI was the highest in the RF model, the RF model was
poorly calibrated (Hosmer–Lemeshow test: p < 0.001). Discrimina-
tion was the highest with the same value in the LR, XGB and EN
models (AUCs (95% CI): 0.949 (0.941–0.957)) and all three models
were well calibrated (Hosmer–Lemeshow test: p >0.05). The XGB
model reclassified the patients according to their true risk better than
the LR model (NRI (95% CI): 0.110 (0.022, 0.198)), but the EN
model reclassified the patients worse than the LR model did (NRI
(95% CI): �1.239 (�1.309 to �1.169)) (Table 2 and Supplementary
figure 2). Although there was a significant difference of reclassifica-
tion between the LR and XGB model, the LR model showed almost
similar test characteristics to the XGB model. In addition, when
prediction models using only prehospital variable sets, the AUC of
the LR model was higher than that of the XGB model (0.915 vs
0.913, respectively) (Table 3).

We found that the discrimination power of the developed models
was higher than that observed in previous studies.5–10 We
investigated novel machine learning algorithms, such as the XGB
model, which have not been evaluated in previous OHCA studies.
However, our findings showed that the LR model, which has been the
predominant algorithm for developing a prediction model for OHCA
patients, had a similar discrimination compared to the XGB model.
Therefore, the discrimination improvement in our models was mainly
caused by the variables that we used rather than the models that we
applied. We added no flow time, low flow time and post-resuscitation
care variables into our analyses. No flow time and low flow time are
known to be strongly associated with survival outcomes in OHCA.33

However, these factors were not fully utilized in prediction model
development in previous studies. The post-resuscitation care
variables also contributed to additional performance improvement
in our study (Table 3). Our data preprocessing methods and the
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relatively large amount of data considering the number of variables
can be also another reason for the high and similar performance of the
LR model with other machine learning models.

Initial rhythm and low flow time were highly weighted in all machine
learning models; however, there was a notable variation in the
importance of the variables depending on the machine learning
algorithms. Although the LR, XGB, and EN models showed similar
discriminations, the EN placed a different patternof variable importance
than the LR and XGB models did. The EN model placed more weight on
post-resuscitation cares, such as ECMO and PCI, than community
factors, such as witness status, the location of arrest, and bystander
defibrillation. The variable type, the prevalence of each category, the
interaction with the other variables, and the method used to calculate
variable importancecould all affect the variable importancedifferently in
each of the machine learning algorithms. A further exploration to find
robust predictors of good outcomes and to investigate factors that were

not recognized as important for a good outcome would be helpful to
develop more accurate prediction models.

Each of the machine learning algorithms showed similarities and
differencesaccording tothespecific task.Whenusingpredictionmodelsas
the TOR tool, the SVM model relatively overestimates the probability of
good neurological recovery, and the RF model relatively underestimates
the probability of good neurological recovery within the prediction models.
When changing the available variables in the developing models, the
discrimination and reclassification improvements were similar among the
LR, XGB, and EN models. However, when comparing the models with and
without the post-resuscitation care variables, the NN model showed an
insignificant discrimination improvement and a worse reclassification when
the hospital care variables were added. The LR, XGB, and EN models
showed the highest discrimination regardless of the variables used.

Reliable and accurate prediction models can help identify patients
who need specific care for good recovery. We found that different

Table 4 – Validation cohort test characteristics of prediction models using cutoffs probability of 0.01 for good
neurological recovery.

Model TP FN TN FP Sensitivity
(95% CI)

Specificity
(95% CI)

PPV
(95% CI)

NPV
(95% CI)

LR 575 2 1508 1887 99.7 (98.8–100.0) 44.4 (42.7–46.1) 23.4 (21.7–25.1) 99.9 (99.5–100.0)
XGB 572 5 1555 1840 99.1 (98.0–99.7) 45.8 (44.1–47.5) 23.7 (22.0–25.5) 99.7 (99.3–99.9)
SVM 577 0 535 2860 100.0 (99.4–100.0) 15.8 (14.5–17.0) 16.8 (15.6–18.1) 100.0 (99.3–100.0)
RF 565 12 1698 1697 97.9 (96.4–98.9) 50.0 (48.3–51.7) 25.0 (23.2–26.8) 99.3 (98.8–99.6)
EN 576 1 1487 1908 99.8 (99.0–100.0) 43.8 (42.1–45.5) 23.2 (21.5–24.9) 99.9 (99.6–100.0)
NN 571 6 1295 2100 99.0 (97.8–99.6) 38.1 (36.5–39.8) 21.4 (19.8–23.0) 99.5 (99.0–99.8)

LR, logistic regression; XGB, extreme gradient boosting; SVM, support vector machine; RN, random forest; EN, elastic net; NN, neural network; 95% CI, 95%
confidence interval; TP, true positive; FN, false negative; TN, true negative; FP, false positive; PPV, positive predictive value; NPV, negative predictive value.

Table 3 – Performance change of the good neurological recovery prediction models in the validation cohort among
models using different sets of variables.

Models AUROC (95% CI)
for less variables

AUROC (95% CI)
for more variables

Absolute change of
AUROC; p-value

NRI (95% CI); p-value

Comparison between variable: set 1 and set 2
LR 0.915 (0.903, 0.926) 0.945 (0.936, 0.954) +3.0%; p < 0.001 0.900 (0.824, 0.975); p < 0.001
XGB 0.913 (0.900, 0.925) 0.945 (0.937, 0.954) +3.2%; p < 0.001 1.006 (0.934, 1.078); p < 0.001
SVM 0.903 (0.889, 0.917) 0.934 (0.923, 0.945) +3.1%; p < 0.001 0.778 (0.700, 0.856); p < 0.001
RF 0.898 (0.884, 0.913) 0.930 (0.918, 0.942) +3.2%; p < 0.001 0.491 (0.414, 0.569); p < 0.001
EN 0.914 (0.902, 0.926) 0.945 (0.937, 0.954) +3.1%; p < 0.001 1.049 (0.975, 1.122); p < 0.001
NN 0.907 (0.894, 0.920) 0.942 (0.933, 0.951) +3.5%; p < 0.001 0.870 (0.797, 0.943); p < 0.001
Comparison between variable: set 2 and set 3
LR 0.945 (0.936, 0.954) 0.949 (0.941, 0.957) +0.4%; p < 0.001 0.251 (0.165, 0.338); p < 0.001
XGB 0.945 (0.937, 0.954) 0.949 (0.941, 0.957) +0.4%; p = 0.011 0.360 (0.274, 0.447); p < 0.001
SVM 0.934 (0.923, 0.945) 0.943 (0.934, 0.952) +0.9%; p = 0.002 0.829 (0.745, 0.913); p < 0.001
RF 0.930 (0.918, 0.942) 0.937 (0.926, 0.948) +0.7%; p = 0.012 0.071 (-0.012, 0.155); p = 0.095
EN 0.945 (0.937, 0.954) 0.949 (0.941, 0.957) +0.4%; p < 0.001 0.276 (0.189, 0.362); p < 0.001
NN 0.942 (0.933, 0.951) 0.942 (0.931, 0.952) +0.0%; p = 0.927 �0.438 (-0.5228, -0.353); p < 0.001

LR, logistic regression; XGB, extreme gradient boosting; SVM, support vector machine; RN, random forest; EN, elastic net; NN, neural network; AUROC, area
under the receiver operating curve; NRI, net reclassification index.
Variable set 1: All variables except no flow time, low flow time and hospital care variables (targeted temperature management, percutaneous coronary intervention,
and extracorporeal membrane oxygenation)
Variable set 2: All variables except hospital care variables (targeted temperature management, percutaneous coronary intervention, and extracorporeal
membrane oxygenation)
Variable set 3: All variables
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machine learning algorithms result in different performance, and that
the LR model showed similar performance to the XGB model, which
has been recently developed and has shown satisfactory results in
machine learning competitions.34 We also found that more relevant
variables significantly affect the performance of the prediction models.

Limitation

This study had several limitations. First, we could not adapt commonly
used biomarker and vital sign variables in our model.5,9 Second, we
could not fully interpret each of the machine learning methods
because of the inherent complexity of the algorithms. However, we
compared a variety of aspects of each model, and the findings of the
different characteristics of each model helped us to gain more insight
into each model. Third, there is the possibility of underfitting or
overfitting effects of each of the models. We addressed this possibility
by examining the appropriate choice of pretraining methods and by
conducting a rigorous search and a careful selection of the hyper-
parameters. Lastly, this study was performed in an EMS system with
an intermediate service level. The generalization of these study
findings should be made with caution.

Conclusion

In this study, which involved the development, validation, and
comparison of models for the prediction of good neurological recovery
after OHCA, the best performance machine learning algorithms were
XGB and LR.
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