
R E S U S C I T A T I O N P L U S 1 8 ( 2 0 2 4 ) 1 0 0 6 0 6
Available online at www.sciencedirect.com

Resuscitation Plus
journal homepage: www.elsevier.com/locate/resuscitation-plus
Clinical paper
Machine learning prediction of refractory

ventricular fibrillation in out-of-hospital cardiac

arrest using features available to EMS
https://doi.org/10.1016/j.resplu.2024.100606

Received 15 December 2023; Received in revised form 22 February 2024; Accepted 4 March 2024

2666-5204/� 2024 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license (http://creativecommons.o

licenses/by-nc-nd/4.0/).

* Corresponding author at: Health Services and Systems Research, Duke-NUS Medical School, National University of Singapore, Singapore a

Department of Preventive Services, School of Public Health, Kyoto University, Kyoto, Japan.

E-mail addresses: yohei_ok@duke-nus.edu.sg, yokada-kyf@umin.ac.jp (Y. Okada).
Rayhan Erlangga Rahadian a, Yohei Okada b,c,*, Nur Shahidah d,e, Dehan Hong f,

Yih Yng Ng a,g, Michael Y.C. Chia h, Han Nee Gan i, Benjamin S.H. Leong j,

Desmond R. Mao k, Wei Ming Ng l, Nausheen Edwin Doctor m, Marcus Eng Hock Ong b,d
Abstract
Background: Shock-refractory ventricular fibrillation (VF) or ventricular tachycardia (VT) is a treatment challenge in out-of-hospital cardiac arrest

(OHCA). This study aimed to develop and validate machine learning models that could be implemented by emergency medical services (EMS) to

predict refractory VF/VT in OHCA patients.

Methods: This was a retrospective study examining adult non-traumatic OHCA patients brought into the emergency department by Singapore EMS

from the Pan-Asian Resuscitation Outcomes Study (PAROS) registry. Data from April 2010 to March 2020 were extracted for this study. Refractory

VF/VT was defined as VF/VT persisting or recurring after at least one shock. Features were selected based on expert clinical opinion and availability

to dispatch prior to arrival at scene. Multivariable logistic regression (MVR), LASSO and random forest (RF) models were investigated. Model per-

formance was evaluated using receiver operator characteristic (ROC) area under curve (AUC) analysis and calibration plots.

Results: 20,713 patients were included in this study, of which 860 (4.1%) fulfilled the criteria for refractory VF/VT. All models performed comparably

and were moderately well-calibrated. ROC-AUC were 0.732 (95% CI, 0.695 – 0.769) for MVR, 0.738 (95% CI, 0.701 – 0.774) for LASSO, and 0.731

(95% CI, 0.690 – 0.773) for RF. The shared important predictors across all models included male gender and public location.

Conclusion: The machine learning models developed have potential clinical utility to improve outcomes in cases of refractory VF/VT OHCA. Pre-

diction of refractory VF/VT prior to arrival at patient’s side may allow for increased options for intervention both by EMS and tertiary care centres.

Keywords: Machine learning, Prediction model, OHCA, ECPR, Refractory VF
Introduction

Out-of-hospital cardiac arrest (OHCA) is a significant public health

challenge, with an age-adjusted incidence rate of 50 per 100,000

person-years in Singapore.1 A significant proportion of OHCAs pre-

sent with ventricular fibrillation (VF) and pulseless ventricular tachy-

cardia (VT), so-called “shockable rhythms” that are amenable to

defibrillation and are associated with better outcomes as compared

to the non-shockable rhythms.2 According to American Heart Asso-

ciation guidelines, VF/VT is considered shock-refractory if the rhythm

persists or recurs after at least 1 shock.3 This phenomenon has been
estimated to occur in more than 60% of VF or pulseless VT OHCAs.4

VF/VT cardiac arrest survival rates stand at 29%; in contrast, refrac-

tory VF/VT are known to have reduced survival of 8–15%.5 Accord-

ingly, it is crucial to effectively manage OHCA patients with refractory

shockable rhythm to improve their outcomes.

In general, the objective of management is to increase the odds

of successful defibrillation while preventing the development of

recurrent arrhythmias, although there is currently no standardized

bundle of care recommended by guidelines.3 Initial management of

refractory VF/VT involves administration of antiarrhythmic drugs

such as amiodarone or lignocaine alongside cardiopulmonary resus-

citation (CPR).6 Advanced options for the treatment of refractory
rg/

nd

http://crossmark.crossref.org/dialog/?doi=10.1016/j.resplu.2024.100606&domain=pdf
https://doi.org/10.1016/j.resplu.2024.100606
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
mailto:yohei_ok@duke-nus.edu.sg
mailto:yokada-kyf@umin.ac.jp
https://doi.org/10.1016/j.resplu.2024.100606
https://doi.org/10.1016/j.resplu.2024.100606
http://www.sciencedirect.com/science/journal/26665204
http://www.elsevier.com/locate/resuscitation-plus


2 R E S U S C I T A T I O N P L U S 1 8 ( 2 0 2 4 ) 1 0 0 6 0 6
VF/VT include modifications to conventional defibrillation strategies,

beta-blocker administration and extracorporeal membrane oxygena-

tion (ECMO) cardiopulmonary resuscitation (ECPR).7 If refractory

VF/VT can be predicted early, such as when ambulances are dis-

patched, it can guide earlier management plans and preparation

for advanced interventions, potentially leading to improved patient

outcomes.

While there are some studies that demonstrate models which can

predict ECG rhythms in OHCA,8,9 there are limited studies investigat-

ing prediction of refractory VF/VT specifically. One such study devel-

oped a random forest algorithm using ECG data with considerable

performance.10 Another previous study using North American OHCA

cohorts developed a clinical decision rule derived from decision tree

analysis using data available to emergency medical services (EMS)

after obtaining the patient’s initial ECG rhythm.7 However, there is no

such study done using Asian OHCA datasets, and no studies that

attempt prediction using information available prior to EMS arrival

at scene. Since Singapore has the National Electronic Health Record

(NEHR) system that allows paramedics to access the patient’s char-

acteristics such as past medical history before arrival at the scene,

we hypothesized that this information could contribute to the predic-

tion of the refractory shockable rhythm.

Therefore, this study aims to provide a proof of concept for an

implementation of a predictive model for refractory VF/VT by EMS

providers. The model will be trained on a Singaporean OHCA data-

set, part of the Pan-Asian Resuscitation Outcomes Study (PAROS)

registry that incorporates data obtained by both EMS and hospitals.

Methods

Ethical approval

This study was conducted according to the Declaration of Helsinki.

This study was approved by the Centralized Institutional Review Board

and Domain Specific Review Board in Singapore granted approval for

the SG-PAROS database (ref no: 2013/604/C, 2013/00929 and

2018/2937) and Domain Specific Review Board (ref no: C/10/545

and 2013/00929). Informed consent was waived due to the nature of

the observational study and all data were de-identified.

Study design and setting

This study is a secondary analysis of prospective Singapore OHCA

data extracted from the PAROS registry cohort. PAROS is an

Asia-Pacific cardiac arrest registry that started in 2010 with previ-

ously published methodology.11 Variable definitions in PAROS follow

the Utstein recommendations which includes details on prehospital

care, medical procedures administered and outcome measures.12

Singapore’s 995 EMS dispatch system is managed by the Singapore

Civil Defence Force. The dispatch system is linked to the National

Electronic Health Record (NEHR), which can provide information

on the patient’s medical history. OHCA protocols are based on basic

cardiac life support (BLS) principles, and paramedics are trained in

defibrillation, advanced airway procedures, and adrenaline adminis-

tration. The primary aim of PAROS is to enhance the understanding

of OHCAs in the Asia-Pacific region and identify strategies for

improving outcomes. Notably, 99% of the cardiac arrest patients in

this database were transferred to Singapore’s eight tertiary care hos-

pitals. The termination of resuscitation (TOR) protocol was imple-

mented in Singapore from January 2019 and the TOR criteria

include all the following: (1) Unwitnessed arrest; (2) No shockable
rhythm observed or no shock given; (3) No return of spontaneous cir-

culation in out-of-hospital setting following minimum 6 rhythm analy-

ses or CPR cycles at scene. They are also required to seek advice or

clearance from an on-duty physician before pronouncing a patient

dead at scene.

Study population

OHCA data from April 2010 to March 2020 were used in this study.

Adult patients (�18 years old) who were brought into the hospital

emergency department (ED) by EMS were included in the study,

while traumatic OHCA was excluded. Since the scope of this study

is to develop the model to predict refractory VF in the situation where

paramedics have not yet arrived at the scene, the inclusion criteria

were not limited to OHCA with initial shockable rhythm.

Outcome

The primary outcome was refractory VF/VT. We used a definition

that was in line with the 2018 American Heart Association guideli-

nes,3 as follows:

1) Shockable first arrest rhythm

2) Shockable rhythm on arrival at the ED

3) No return of spontaneous circulation (ROSC) prior to arrival at

the ED

4) At least one shock given prior to arrival at the ED.

Machine learning models

For this study, multivariable logistic regression, least absolute shrink-

age and selection operator (LASSO) and random forest (RF) classi-

fiers were developed to predict refractory VF/VT. These methods

were selected as they were explainable models that may be familiar

to and more well-accepted by clinicians. The ranger R package13

was used for RF implementation. The data were split into derivation

(April 2010 – December 2018) and validation (January 2019 – March

2020) cohorts. This temporal split method has been found to be an

adequate middle ground between internal and external validation

and will help demonstrate applicability in the model in different clini-

cal contexts.14,15 10-fold cross-validation method was used to train

all models on the derivation cohort.

Feature selection

The full feature set consisted of variables from the PAROS dataset

selected by clinical expert opinion that would be available to EMS

dispatchers using the NEHR system at the time of receiving the

emergency call or to paramedics when they are dispatched. These

features are: age (in years); gender; arrest location (home, public,

or healthcare setting); history of heart disease; respiratory disease;

renal disease; hyperlipidaemia; hypertension; diabetes mellitus;

stroke; and cancer.

Statistical analysis

Data analysis and model development were carried out in R version

4.1.2 (R Foundation for Statistical Computing). Descriptive statistics

were used to summarize the derivation and validation cohorts. Con-

tinuous variables were reported as medians and interquartile ranges

while categorical variables were reported as frequencies and per-

centages. Initially, missing data imputation was planned to be carried

out if required. However, since the amount of missing data was found

to be a significant minority, complete case analysis was done.
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The prediction performance of multivariable logistic regression,

LASSO and RF model were quantified using receiver operator char-

acteristic (ROC) area under the curve (AUC) analysis. 95% confi-

dence intervals were generated for the AUC of each model on the

validation set using 1000 bootstrapped samples. To understand pre-

dictive performance of the models, sensitivity, specificity, positive

and negative likelihood ratios were obtained at the cut-off for each

model as derived via Youden’s J-statistic. Calibration of the models

was assessed using a calibration plot on the validation set, quantified

using the Brier score where a lower value indicates better calibration.

Confidence intervals for Brier score were calculated using 1000 boot-

strapped samples. Feature importance plots for each model were

also generated for explainability.

Results

Patient characteristics

There were 22,438 OHCA cases recorded in the PAROS database

for the period of 1 April 2010 to 31 March 2020. In total, 20,713 cases

were included in the study. 17,162 cases were allocated to the

derivation cohort while 3551 cases were allocated to the validation

cohort. The flow diagram for case selection is displayed in Fig. 1.
Fig. 1 – Flow diagram for case inclusion and spl
The baseline statistics for all included cases are displayed in Table 1.

In total, 860 (4.1%) patients had refractory VF/VT, while 19,853

(95.9%) patients did not. Results for univariate and multivariable

regression analyses of features are presented in Appendix Table A.

Model performance

The AUCs, sensitivity, specificity, positive and negative likelihood

ratios for each model are presented in Table 2. The ROC curves

are displayed in Fig. 2, while the calibration curves are displayed

in Fig. 3. Multivariable logistic regression (AUC = 0.732 [95% CI,

0.695 – 0.769]) and LASSO (AUC = 0.738 [95% CI, 0.701 –

0.774]) models performed comparably to the RF (AUC = 0.731

[95% CI, 0.701 – 0.774]) model. Each model had similar Brier scores

for calibration as well (Multivariable logistic regression, 0.0297 [95%

CI, 0.0295 – 0.0298]), LASSO, 0.0296 [95% CI, 0.0294 – 0.0297])

and RF 0.0296 ([95% CI, 0.0294 – 0.0297]). Although there was

slight overestimation at the range of high predicted probability, the

calibration curve indicated that the models were moderately well-

calibrated.

Model features

From feature importance analysis, it was found that the top 3 fea-

tures for the RF model were age, public arrest location, and heart
itting into derivation and validation cohorts.



Table 1 – Descriptive statistics of variables in the derivation and validation cohorts of the OHCA dataset.

Derivation cohort

(n = 17,162)

Validation cohort

(n = 3551)

Refractory

VF/VT

(n = 751)

Without refractory

VF/VT

(n = 16,411)

Refractory VF/VT

(n = 109)

Without refractory

VF/VT

(n = 3,442)

Age (years) 59 [51–68] 70 [58–81] 61 [56–71] 72 [60–82]

Male gender 641 (85.4) 10,369 (63.2) 100 (91.7) 2,158 (62.7)

Heart disease 331 (44.1) 6034 (36.8) 40 (36.7) 1,191 (34.6)

Diabetes 179 (23.8) 5582 (34.0) 25 (22.9) 1104 (32.1)

Cancer 20 (2.7) 1771 (10.8) 1 (0.9) 392 (11.4)

Hypertension 352 (46.9) 9209 (56.1) 40 (36.7) 1869 (54.3)

Renal disease 66 (8.8) 2399 (14.6) 17 (15.6) 612 (17.8)

Respiratory disease 47 (6.3) 2076 (12.7) 5 (4.6) 378 (11.0)

Hyperlipidaemia 257 (34.2) 6568 (40.0) 36 (33.0) 1491 (43.3)

Stroke 60 (8.0) 2277 (13.9) 12 (11.0) 422 (12.3)

Arrest location

Home 405 (53.9) 12,310 (75.0) 61 (56.0) 1227 (35.6)

Public 282 (37.5) 2494 (15.2) 40 (36.7) 1771 (51.5)

Healthcare setting 64 (8.5) 1607 (9.8) 8 (7.3) 444 (12.9)

Bystander CPR 433 (57.7) 8186 (49.9) 73 (67.0) 2,075 (60.3)

Bystander AED applied 34 (4.5) 697 (4.2) 15 (13.8) 380 (11.0)

Time from call received to ambulance arrival (mins) 8 [7 –11] 9 [7 –11] 9 [7 –11] 8 [7 –10]

Categorical variables are shown as the number (percentage). Continuous variables are shown as median [Interquartile range (IQR)]. Abbreviations: CPR,

cardiopulmonary resuscitation; AED, automated external defibrillator.

Table 2 – Model performance on validation cohort.

Model AUC Sensitivity Specificity LR+ LR-

MVR 0.732 (0.695 – 0.769) 0.927 (0.861 – 0.968) 0.448 (0.431 – 0.465) 1.679 (1.580 – 1.784) 0.164 (0.084 – 0.320)

LASSO 0.738 (0.701 – 0.774) 0.936 (0.872 – 0.974) 0.462 (0.445 – 0.489) 1.738 (1.640 – 1.842) 0.139 (0.068 – 0.285)

Random Forest 0.731 (0.690 – 0.773) 0.624 (0.526 – 0.715) 0.720 (0.705 – 0.735) 2.228 (1.907 – 2.602) 0.523 (0.410 – 0.666)

The 95% confidence intervals are given for each metric. Sensitivity, specificity, LR + and LR- are calculated from the optimal cut-off as derived by Youden’s J-

statistic.

Abbreviations: LR+, positive likelihood ratio; LR-, negative likelihood ratio; CPR, cardiopulmonary resuscitation; AED, automated external defibrillator; MVR,

multivariate regression
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disease. In comparison, the top 3 features for the multivariable logis-

tic regression and LASSO model were cancer, public arrest location,

and male gender. While hypertension and hyperlipidaemia had little

to no effect in the multivariable regression and LASSO models, they

were significant predictors in the RF model. Conversely, healthcare

setting arrest location was a relevant predictor in the multivariable

regression and LASSO models but had no significance in the RF

model. The feature importance plots are presented in Fig. 4.
Discussion

Key observation

In this study, we developed 3 machine learning-based models

trained on a Singaporean OHCA dataset to predict refractory VF/

VT. Multivariable logistic regression, LASSO and random forest

models were found to have appreciable classification performance

and moderately good calibration when trained on the Singapore

PAROS cohort. As a proof of concept, this study has managed to
show that machine learning models have potential for use in the pre-

diction of refractory VF/VT in the prehospital setting.

Strengths

This study has several strengths compared to previous studies. One

study developed an ECG-based algorithm to predict patients with

refractory VF with significant predictive performance (AUC = 0.85

[95% CI, 0.79–0.89]).10 Another study developed a clinical decision

rule that included variables such as bystander AED application,

EMS-witnessed arrest, gender, initial rhythm, and time to arrival at

the scene. In both studies, arriving at the scene and contacting the

patients were essential to predict refractory VF. In contrast, this

study focused on the phase before the paramedics arrived at the

scenes, suggesting novel insight into the resuscitation strategy.

Notably, this study is among the first to use the definition of refractory

VF/VT as VF/VT persisting or recurring after at least one shock, as

stated in the AHA guidelines. This contrasts with other studies on

refractory VF/VT that used a three-shock definition instead of one

shock.5,16,17 The previously mentioned clinical decision rule used this

three-shock definition of refractory VF/VT and achieved an AUC of



Fig. 2 – Receiver operator characteristic curves.

Fig. 3 – Calibration plots for all 3 models in the validation cohort.
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0.671, although only patients who have received at least one shock

were included in their complete case analysis.7 Some definitions

require the use of antiarrhythmics and vasopressors in addition to

the three shocks.18 However, there is currently no universally agreed

upon definition of refractory VF/VT, which may pose a challenge in
comparing between strategies or models reported in literature.19 In

this study, we defined refractory VF/VT as VF/VT rhythm with at least

one shock given but no return of spontaneous circulation (ROSC)

prior to arrival at the ED based on the guidelines, with the intention

to consider revising the strategy in the earlier phase. Thus, this study



Fig. 4 – Feature importance plots.
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is more applicable to clinical settings compared to previous studies

conducted on refractory VF/VT. However, future studies should con-

duct sensitivity analyses comparing multiple definitions of the out-

come on model performance.

Clinical implication

This study suggests the potential of utilizing the models to build a

novel resuscitation strategy, using data available at the time when

the dispatcher receives the emergency call, where data available

are limited. No previous study has conducted an analysis of the pre-

dictive ability of models in this context. Earlier prediction of refractory

VF/VT may allow an EMS provider to initiate targeted, effective inter-

vention strategies to improve outcomes in this patient population. For

example, prediction of refractory VF/VT can identify patients who

may benefit from more aggressive resuscitation techniques, earlier

administration of antiarrhythmics, earlier activation of ECPR facilities

and teams, or transport to more specialized cardiac arrest centres.20

Notably, previous studies have indicated that a shorter time to imple-

ment ECPR may result in better outcomes, highlighting the potential

importance of early recognition of refractory VF/VT and prompt acti-

vation of the ECPR team to enhance patient outcomes.21–23,34 Fur-

thermore, prehospital ECPR systems have already been

implemented in some regions.24,25 We expect that the models in this

study have potential to improve the criteria to activate prehospital

ECPR teams. Although the available information is limited compared

to those after the paramedics contact with the patients, we expect

that prediction at an earlier time point may be advantageous.
Interpretation

We suggest some explanations to interpret the models. Based on the

model features, male and public location were the variables which

highly contributed to the model. We believe it may be reasonable

due to the following reasons. Generally, males were reported to be

the predominant population of occurrence of VF in most age

groups,26 and most OHCA patients treated with ECPR due to refrac-

tory VF were also male.27 Furthermore, from the perspective of elec-

trophysiology, males may have a higher risk of early repolarization,

idiopathic VF, and Brugada syndrome.28 Previous clinical rules to

predict refractory VF also included males as a predictor. Further-

more, OHCA cases with VF were reported to occur more commonly

in public locations compared to residential locations.29 In contrast,

the variable cancer exhibited high importance in both the logistic

regression model and LASSO, with a notably low odds ratio (OR),

suggesting its significance in excluding the likelihood of refractory

VF/VT. Based on these results, we postulate that OHCA patients

with cancer were more likely to have non-cardiac causes and less

likely to experience VF/VT. Therefore, it appears reasonable that

these factors played a significant role in the prediction models uti-

lized in this study.

Limitations

There are several limitations in this study. Firstly, information on

patients’ past medical history in the PAROS datasets were collected

by the clinicians and/or research assistants. These data are not the

same as those in the NEHR system which are currently restricted
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only for clinical use and not permitted for research. Secondly, since

this study included OHCA patients with both initial shockable and

non-shockable rhythms, the number of refractory VF/VT cases was

limited; this imbalance in the dataset may place machine learning

models at risk of overfitting and worsen its performance on an

unseen dataset.30 Strategies such as down sampling the majority

class or up sampling the majority class in the derivation cohort prior

to model training may improve prediction performance but may run

the risk of information loss, introducing bias, or worsening calibra-

tion.31 Thirdly, due to limited available variables, the performance

might still be insufficient to make a definitive decision only by the

models. While the PAROS dataset does include variables that may

strengthen the model performance, such as arrest witness and

bystander CPR, such information may not be available at the point

of dispatch or not routinely collected by the dispatcher. The models

possibly require further refinement before it can be deployed in

EMS processes. However, we consider that the AUC obtained in this

study is sufficiently significant to validate the concept of our study

and to warrant and future studies into developing more accurate

models to predict refractory VF in OHCA. Once more detailed data

can be obtained, model performance is expected to improve. Finally,

the generalizability of the findings to other settings may also be lim-

ited as our models were developed with the primary intention of

application in Singapore. Differences in patient demographics and

EMS systems can significantly influence the incidence and outcomes

of OHCA.32 Information bias may also arise from differences in meth-

ods of data collection between healthcare systems.33 Therefore,

while our models show appreciable performance in the Singaporean

context, the applicability of the model to other contexts may require

careful consideration. Future work should involve external validation

to assess the robustness of the models in different contexts.

Conclusion

This study developed and validated three machine learning models

trained on a Singaporean OHCA dataset to predict refractory VF/

VT. Multivariable logistic regression, LASSO, and random forest

models performed comparably in predictive ability on the validation

set. As a proof of concept, this study has managed to show that

machine learning models have potential for use in the prediction of

refractory VF/VT in the prehospital setting.
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