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Objectives. Prediction models for the return of spontaneous circulation (ROSC) in patients with cardiac arrest play an important
role in helping physicians evaluate the survival probability and providing medical decision-making reference. Although relevant
models have been developed, their methodological rigor and model applicability are still unclear. Terefore, this study aims to
summarize the evidence for ROSC prediction models and provide a reference for the development, validation, and application of
ROSC prediction models. Methods. PubMed, Cochrane Library, Embase, Elsevier, Web of Science, SpringerLink, Ovid, CNKI,
Wanfang, and SinoMed were systematically searched for studies on ROSC prediction models. Te search time limit was from the
establishment of the database to August 30, 2022. Two reviewers independently screened the literature and extracted the data. Te
PROBAST was used to evaluate the quality of the included literature. Results. A total of 8 relevant prediction models were
included, and 6models reported the AUC of 0.662–0.830 in the modeling population, which showed good overall applicability but
high risk of bias.Te main reasons were improper handling of missing values and variable screening, lack of external validation of
the model, and insufcient information of overftting. Age, gender, etiology, initial heart rhythm, EMS arrival time/BLS in-
tervention time, location, bystander CPR, witnessed during sudden arrest, and ACLS duration/compression duration were the
most commonly included predictors. Obvious chest injury, body temperature below 33°C, and possible etiologies were predictive
factors for ROSC failure in patients with TOHCA. Age, gender, initial heart rhythm, reason for the hospital visit, length of hospital
stay, and the location of occurrence in hospital were the predictors of ROSC in IHCA patients. Conclusion. Te performance of
current ROSC prediction models varies greatly and has a high risk of bias, which should be selected with caution. Future studies
can further optimize and externally validate the existing models.

1. Introduction

Cardiac arrest (CA) is an enormous public health issue all
over the world. Despite years of efort, the discharge
survival rate of CA patients remains unfavorable [1]. In
the United States, out-of-hospital cardiac arrest (OHCA)
afects more than 88.8/100,000 adults annually, according
to a report by the American Heart Association (AHA) [2].
Te risk of in-hospital cardiac arrest (IHCA) was greater
(17.16/1000), whereas the rate of discharge survival was
only 9.0% and 23.3%, respectively. In an analogous

manner, the yearly incidence of OHCA in adults in
Europe is from 67/100,000 to 170/100,000 , whereas the
incidence of IHCA is from 1.5/1000 to 2.8/1000 . Te
survival rates at the time of discharge ranged from 0 to
18% and, correspondingly, 15% to 34% [3]. Te return of
spontaneous circulation, often known as ROSC, is an
essential indication that is utilized in the evaluation of
early vital signs in patients who have CA. It not only
represents the immediate efectiveness of initial re-
suscitation in IHCA patients but also the infuence of
cardiopulmonary resuscitation (CPR) on the survival of
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OHCA patients [4–6]. For this reason, it is an important
reference and impact on the subsequent implementation
of advanced life support (ALS) and patient discharge
survival rate to accurately predict the ROSC probability of
CA patients [7, 8]. Te ROSC prediction model can also
assist medical professionals in assessing the status and
likelihood that patients will survive after resuscitation in
nations and regions with scarce emergency resources,
allowing for the best possible resuscitation outcomes with
the least amount of resource expenditure [9]. Simulta-
neously, in order to avoid ambiguity and disagreement in
the area of moral management of cardiac arrest patients
who have refractory cardiac arrest and to uphold patients’
fnal dignity, it is helpful for medical professionals to
better determine the timing and standard of termination
of resuscitation (TOR) [10]. Although several research
studies had been conducted on ROSC prediction models,
there are still signifcant discrepancies in literature
quality, model performance, predicators, and application
breadth. Terefore, we aimed to systematically review and
critically evaluate all the current prediction models for
ROSC and give a reference for clinical practice as well as
for upcoming research.

2. Methods

2.1. Systematic Review Registration. Before data extraction,
this review (CRD42022331873) was registered and made
public with PROSPERO (the international prospective
register of systematic reviews).

2.2. Search Strategy. Following the preferred reporting items
for systematic reviews and meta-analyses (PRISMA) rec-
ommendations [11], we conducted an electronic literature
search of PubMed, Cochrane Library, Embase, Elsevier,Web
of Science, SpringerLink, Ovid, China National Knowledge
Internet (CNKI), Wanfang database, and Chinese Bio-
medical literature database (SinoMed). Also, we included
literature published from inception until 1 August 2022,
using a mix of subject headings that includes “cardiac ar-
rest”/“restoration of autonomic circulation”/“predictive
model”/“risk score.” Te references of all the publications
that the search turned up were then carefully checked.
Considering the PubMed search formula as an example was
as follows: (“Return of Spontaneous Circulation”(MeSH))
AND (“Heart Arrest”(MeSH) OR “Cardiopulmonary
Resuscitation”(MeSH) OR “Cardiac Arrest”(Title/Abstract))
AND (“predict∗”(Title/Abstract) OR “risk prediction”(Title/
Abstract) OR “risk score”(Title/Abstract) OR “risk asses-
sment”(Title/Abstract)) AND (“model”(Title/Abstract) OR
“score”(Title/Abstract)).

2.3. Study Eligibility Criteria. Inclusion criteria were as
follows: (1) the study’s participants were cardiac arrest pa-
tients over the age of 18; (2) the development of ROSC
prediction models, including models for both success and
failure in ROSC; and (3) cohort studies, case-control studies,
or cross-sectional studies were the three research types used.

Exclusion criteria were as follows: (1) only impact factor
studies that did not build prediction models would be
eliminated; (2) conference abstracts, reviews, commentaries,
and relevant data were seriously missing in the literature; (3)
cellular-molecular level studies and animal experimental
studies; (4) full text was not available; and (5) less than two
predictor variables were present in the model.

2.4. Study Selection and Data Extraction. Title, abstract, and
full-text articles of the retrieved papers were separately
reviewed by two researchers. Conficts were settled amicably
with the help of a third reviewer. Following the discovery of
the included literature, data from the included studies were
systematically extracted using the criteria of the checklist for
critical appraisal and data extraction for systematic reviews
of prediction modeling studies checklist (CHARMS
checklist) [12]. Tis checklist includes details about the year,
nation (or region), design, object, data source, ROSC rate,
results, sample size, missing data, candidate predictors’
number, variable selection, modeling method, testing
method, model performance, predictors in the fnal model,
applicability, and limitations.

2.5. Assessment of Bias Risk and Applicability. Te two re-
searchers used the Prediction Model Risk of Bias ASsess-
ment Tool (PROBAST) [13], which was created expressly to
evaluate diagnostic and prognostic prediction models, to
evaluate the risk of bias and application of the literature that
had been gathered.Te tool’s risk of bias evaluation contains
the following four aspects: participants, predictors, outcome,
and analysis, with the applicability assessment mostly fo-
cused on participants, predictors, and outcome.

2.6. Statistical Evaluation. Te metagen command of meta-
analysis package in R statistical language software (v 4.1.3)
was used to perform meta-analysis on the sensitivity, spec-
ifcity, AUC, and 95% CI of the included model in devel-
opment and validation data. We used the between-study
standard deviation (tau-τ) and I2 statistic to quantify possible
heterogeneity among the studies. If there was large hetero-
geneity among the studies, the random-efect model was used
for the combined analysis. If the heterogeneity among the
studies was small, the fxed-efect model was used for the
pooled analysis.

3. Results

3.1. Study Selection. Figure 1 depicts the process of doing
literature research and selecting studies. By combing
through databases and following citations by hand, we were
able to compile a list of 5691 related articles. After screening,
a total of 8 papers meeting the criteria were fnally included.

3.2. Study Characteristics. Table 1 shows the basic charac-
teristics of the ROSC prediction model studies included in
the systematic review. Among the eight studies [14–21] f-
nally included, four [14, 15, 20, 21] were retrospective cohort
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studies, two [17, 18] were prospective cohort studies, and
two [16, 19] were retrospective case-control studies. Half of
these studies (n= 4) [14, 15, 18, 19] were conducted in
Europe, and four [16, 17, 20, 21] in Asia. Interestingly, all but
one study [15] used IHCA as the study subject, while all
other studies used OHCA as the study subject. Seven studies
[14–19, 21] used ROSC success as an outcome indicator, and
only one study [20] was conducted with ROSC failure as an
outcome indicator, that is, ROSC could not be achieved after
continuous resuscitation.

3.3. Severity Prediction. Each study’s sample size for model
development ranged from 347 to 119,474 instances, and the
number of possible predictor variables ranged from 7 to 14,
all of which were addressed with absolute exclusion for
missing data cases. Only one study [21] ranked the signif-
icance of candidate predictors based on the results of logistic
regression and included the top 5 ranked factors as predictor
variables. Five studies [14, 16, 18–20] adopted the screening
of predictors based on the results of single factor analysis,
and two studies [15, 17] directly used the stepwise selection
method of multifactor analysis. Regarding the development

of prediction models, the modeling method used most
frequently in these models [14, 15, 17, 18, 20] was logistic
regression, and Cox proportional hazard regression was also
used in one model [16]. Tere were also mixed-efects re-
gression [19] and machine learning [21] modeling ap-
proaches for these models but only one study each.

3.4. Model Performance and Predictors. Of all the models
included, eight [14–21] were internally validated and one-
third of the models (n� 3; 37.5%) [15, 18, 20] had external
validation. As for the performance of the prediction model,
AUC (area under the receiver operating characteristic curve)
of the model was reported by six studies [14, 17–21], and
Harrison et al. [15] evaluated the model’s diferentiation
with the concordance index (C-index). Kim et al. [16] did
not elaborate on this in their study.Tree studies [15, 16, 19]
adopted reasonable inspection methods to evaluate the
calibration degree of the model and reported the calibration
results of the model. In addition, only Amnuaypattanapon
et al. [17], Baldi et al. [18], and Kuo et al. [20] had fully
explained the sensitivity and specifcity of the model
(Table 1).

Studies included in
qualitative synthesis

(n=8)

Title and abstract screened
(n=5267)

Full-text articles assessed
for eligibility (n=34)

Records after duplicates removed
(n=5267)

Records excluded
(n=5233)

Records identified through database searching
Total (n=5691):PubMed (n=1319), Cochrane

library (n=565), Embase (n=645), Elsevier (n=701),
Web of Science (n=891), SpringerLink (n=679), Ovid (n=517),
CNKI (n=141), WangFang DATA (n=132), SinoMed (n=101)

Number excluded (n=26):
No prediction model
developed (n=17)
Inconsistent outcome
indicators (n=6)
information loss (n=2)
Inconsistent language (n=1)

Figure 1: PRISMA diagram.

Emergency Medicine International 3



Ta
bl

e
1:

Ba
sic

ch
ar
ac
te
ri
st
ic
s
of

th
e
RO

SC
pr
ed
ic
tio

n
m
od

el
in
cl
ud

ed
.

A
ut
ho

rs
an
d
ye
ar
s

C
ou

nt
ry

O
bj
ec
t

Sa
m
pl
e

(m
iss

in
g

da
ta
)

D
at
a

so
ur
ce
s

RO
SC

ra
te

(%
)

C
an
di
da
te

va
ri
ab
le
s’

nu
m
be
r

V
ar
ia
bl
e

se
le
ct
io
n

M
et
ho

d
V
al
id
at
io
n

M
od

el
pe
rf
or
m
an
ce

Pr
ed
ic
to
rs

in
th
e

fn
al

m
od

el

A
U
C
/

C
-in

de
x

C
al
ib
ra
tio

n

G
rä
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Most models [14, 16–19, 21] were established with OHCA
patients as research objects. Te most common candidate
predictors were initial heart rhythm (frequency ≥2), etiology,
age, location, bystander CPR, witnessed at arrest, EMS arrival
time, sex, and time of BLS (Figure 2). Te main predictors of
ROSC in IHCA patients, according to Gräsner et al. [14], were
age, gender, length of hospital stay, medical reasons, location
of cardiac arrest, and initial heart rhythm. Te presence of
apparent chest injury, a temperature less than 33 degrees
Celsius, and a probable etiology of OHCA were all variables
that could predict ROSC failure in traumatic out-of-hospital
cardiac arrest (TOHCA) patients [20].

3.5. Risk of Bias and Applicability

3.5.1. Domain 1: Participants. Since the majority of the
study’s data sources were cohort studies, there is a minimal
risk of bias in the participant selection criteria; nevertheless,
there are still two studies [16, 20] with a high risk of bias. For
example, the study by Kim et al. [16] and another study by
Kuo et al. [20] both were retrospective and the data were,
respectively, from the emergency department of a hospital in
Seoul, Korea, and a trauma medical center in Taiwan, China.
Because the data sources were not randomized controlled
designs, registry databases, or prospective cohort studies as
indicated by PROBAST low bias criteria, the participants in
the research were found to be at a high risk of bias.

3.5.2. Domain 2: Predictors. All of the studies included in
this systematic review had a bias in the predictors’ domain,
which was mainly a low concern for risk.

3.5.3. Domain 3: Outcome. Of all the studies, most were
considered to be a low risk of bias in the outcome domain
(n� 5, 62.5%); [14–17, 20] what was interesting was that the
remaining three studies [18, 19, 21] were also classifed as low
bias in all other aspects of consequence evaluation, but the
total rating was unclear in the outcome domain. Unclear
items focus primarily on the researchers who did not know if
the interval between predictor assessment and outcome
determination was appropriate. Due to the absence of these
two components in the three studies, knowledge of predictor
outcomes may impact the determination and cause bias.

3.5.4. Domain 4: Analysis. Within the domain of analysis,
every study was assigned a high level of concern for risk.
Eight studies [14–21] had sufcient data sources, both in
terms of the sample size to meet the fundamental re-
quirements of the model building and validation, and
handling of continuous variables was also consistent with
two or more categories but not consistent when dealing with
the missing value to take multiple methods of interpolation
to directly rule out missing data; this method was very
simple but may be associated with a high risk of bias, so the 8
studies were included. In addition, 5 studies [14, 16, 18–20]
adopted the method of screening predictors based on the
results of single factor analysis, which was also highly biased.

In terms of the calibration degree of the model, Kim et al.
[16] used Grønnesby and Borgan goodness of ft tests to
measure the calibration degree of the model. Harrison et al.
[15] and Ji et al. [19] used the Hosmer–Lemeshow test, Cox
calibration, calibration plot, and Brier scores to evaluate the
calibration degree and ft of the model. However, other 5
studies [14, 15, 18, 20, 21] had insufcient information.

3.6. Applicability. Table 2 displays the results of the bias risk
assessment contained in the mode (PROBAST evaluation
results). As you can see, all of the included studies’ models
performed well in the domains of participants, predictors,
and outcomes, as well as the overall evaluation.

3.7. Meta-Analysis of Prediction Models. Te AUC of the
included models were reported in 6 studies [14, 17–21], of
which 4 [14, 18, 19, 21] detailed the AUC of the models on
the validation data, so we conducted a meta-analysis of AUC
in the 11 data to maximize the sample size. Considering the
large heterogeneity (I2 � 99%) after data synthesis, the
random-efect model was used, and the results of meta-
analysis showed that the pooled AUC was 0.74 (95% CI:
0.71–0.78) (Figure 3). In addition, only 3 of the included
studies had sensitivity and specifcity of the model
[17, 18, 20], of which 1 study [20] lacked 95% CI, so we only
synthesized the other 2 [17, 18]. Te results of meta-analysis
showed that the heterogeneity was I2 � 96%, the pooled
sensitivity was 0.60 (95% CI: 0.42–0.87) (Figure 4), and
pooled specifcity was 0.84 (95% CI: 0.69–1.03) (Figure 5).

4. Discussion

4.1. Overall Situation of the ROSC PredictionModel. A high-
quality prediction model can efectively and accurately re-
fect ROSC of patients with CA, which gives signifcant
reference values to subsequent clinical decision-making and
medical resource applications. Te AUC or C-index of the
models involved in the eight studies [14–21] fnally included
in this paper were all lower than 0.90 and the pooled AUC
was 0.74 (95% CI: 0.71–0.78), which means that the ROSC
prediction models constructed by most current studies have
a certain degree of discrimination for the prediction of
ROSC in patients with cardiac arrest, but the discrimination
ability was only at the medium level. According to the results
of meta-analysis, the pooled sensitivity and specifcity were
0.60 (95% CI: 0.42–0.87) and 0.84 (95% CI: 0.69–1.03),
respectively, indicating that the current ROSC prediction
model has high specifcity and low sensitivity in terms of
accuracy, and there were still insufcient to achieve desired
high accurate prediction. In addition, all prediction models
were rated as high-risk bias by PROBAST. Te bias was
mainly attributed to retrospective research, missing value
processing, variable screening, model validation, model
performance evaluation, and overftting, among which
missing value processing was a widespread problem in all
studies. Since the data of most researchers were directly
obtained from OHCA or IHCA registration database based
on the Utsteinmodel, a sufcient sample size was guaranteed

6 Emergency Medicine International



for model construction and verifcation. Hence, the method
of direct exclusion was adopted when processing initial
values, which might lead to the omission of efective in-
formation, reduce the accuracy of model prediction, and
cause bias in analysis results [22]. As for the screening of
predictors, there were fve studies [14, 16, 18–20] based on
univariate analysis. However, univariate analysis usually fails
to identify the interaction between confounding factors and

variables due to its statistical limitations, even leading to the
omission of important risk factors. Terefore, the variable
screening method based on univariate analysis is not rec-
ommended in the future logistic model or nomogrammodel
construction. Instead, the potential bias risk can be reduced
by using the full inclusion method and Lasso regression
analysis to screen variables [23]. In addition, all the included
studies did not make comprehensive and detailed reports on

Initial herat rhythm
Etiology

Age
Location

Bystander CPR
Witnessed at arrest

EMS arrival time
Sex

Time of BLS
First witness identity

ACLS duration
CPR duration

Prehospital low blood flow time
Prehospital administration

PO2
Base excess

5
4
4

3
3
3
3

2
2

1
1
1
1
1
1
1

Figure 2: Summary of predictors present in the included OHCA models.

Table 2: Bias risk assessment results included in the mode (PROBAST evaluation results).

First
authors

Risk of bias Applicablity Overall

Participants Predicators Outcome Analysis Participants Predicators Outcome Risk
of bias Applicablity

Gräsner et al. [14] Low Low Low High High High High High High
Harrison et al. [15] Low Low Low High High High High High High
Kim et al. [16] High Low Low High High High High High High
Amnuaypattanapon et al.
[17] Low Low Low High High High High High High

Baldi et al. [18] Low Low Unclear High High High High High High
Ji et al. [19] Low Low Unclear High High High High High High
Kuo et al. [20] High Low Low High High High High High High
Liu et al. [21] Low Low Unclear High High High High High High

Gräsner J , 2011 (Development cohort)

Ji C, 2021 (Development cohort)

Liu N, 2022 (Development cohort)

Gräsner J , 2011 (Internal validation)

Liu N, 2022 (Internal validation)
Overall
Common effect model
Random effects model

Heterogeneity: I2 = 99%, tau2 = 0.0050, p < 0.01

Ji C, 2021 (Internal validation)
Kuo I M, 2022

Amnuaypattanapon K, 2020
Baldi E, 2020 (Development cohort)
Baldi E, 2020 (Internal cohort)
Baldi E, 2020 (External validation)

-0.3425

-0.3425

-0.3355

-0.3133

-0.2157
-0.3011

-0.4005
-0.4125

-0.2549
-0.1863
-0.1985
-0.2614

0.0108

0.0037

0.0064

0.0143

0.0047
0.0240

0.0076
0.0499

0.0333
0.0123
0.0124
0.0199

0.71

0.71

0.71

0.73

0.81
0.74

0.67
0.66

0.78
0.83
0.82
0.77

[0.70; 0.73]

[0.69; 0.70]

[0.71; 0.72]

[0.71; 0.75]

[0.80; 0.81]
[0.71; 0.78]

0.74 [0.73; 0.74]
0.74

0.75 1 1.5

[0.71; 0.78]

[0.66; 0.68]
[0.60; 0.73]

[0.72; 0.82]
[0.81; 0.85]
[0.80; 0.84]
[0.74; 0.80]

4.5

38.6

12.6

2.5

23.1
0.9

100.0
100.0--

--

9.0
0.2

0.5
3.4
3.4
1.3

Study logHR SE (logHR) HR 95%-CIHazard Ratio
Weight

(common)
(%)

Weight
(random)

(%)

8.8

8.9

8.9

8.6

8.9
8.0

8.9
6.0

7.3
8.7
8.7
8.3

Figure 3: Forest plot of the pooled AUC for the ROSC model in meta-analysis.
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model validation, model performance evaluation, and
overftting and lacked a full explanation of the transparency
of the overall research and the limitations of the prediction
model, which led to doubts on the authenticity and reliability
of the model and thereby hindered the universal application
and external promotion of the prediction model.

4.2. Models to Predict Outcome Events. Almost all of the
included studies took ROSC as the outcome event, except for
the study conducted by Kuo et al. [20] that used ROSC
failure as the outcome event to explore the important risk
factors of TOHCA so as to help clinical doctors and nurses
complete the assessment of priority resuscitation in the
shortest time when managing multiple patients with severe
traumatic sudden arrest at the same time. Although most
models use sustained ROSC as the outcome event, there are
still diferences in the defnition of sustained ROSC in
diferent studies. Gräsner et al. [14] defned sustained ROSC
as that the patient’s pulse recovers and is accessible for more
than 20 s, while Amnuaypattanapon et al. [17] defned
sustained ROSC as that after the patient is resuscitated, the
circulation signs after stopping external chest compression
can be maintained for more than 20min.Te disputes on the
concept of ROSC are related to the time span of ROSC
prediction model research. When Gräsner et al. [14] pub-
lished the research on the prediction model of the ROSC
after cardiac arrest (RACA) score in 2011, the academic
community had not reached a consensus on sustained
ROSC. Until 2019, the Utstein Working Group no longer
kept silent on this topic and said in the relevant statement
that ROSC, as a core outcome element, was defned as the

recovery of circulation without continuous chest external
compression, that is, sufcient pulse/heart rhythm was re-
covered through palpation, auscultation, arterial blood
pressure waveform, or systolic pressure greater than
50mm·Hg, while sustained ROSC was considered as the
ROSC duration greater than 20min [24]. In view of the fact
that the research on the ROSC predictionmodel is still under
development and improvement and the concept of major
outcome events has not yet reached an agreement, clinical
doctors and nurses should pay attention to the application
range of ROSC as the major outcome event when selecting
the reference prediction model. Moreover, it is suggested
that the defnitions of ROSC and sustained ROSC should be
consistent with the latest international consensus when
constructing and developing the ROSC prediction model
applicable to native CA patients.

4.3. Analysis of Model Predictors. Although the predictive
factors of ROSC in OHCA patients vary in diferent models,
there are still some commonalities. Among them, patient
factors include age, gender, etiology, and initial heart
rhythm, while external factors include EMS arrival time/BLS
intervention time, location, bystander CPR, witnessed
during sudden arrest, and ACLS duration/compression
duration. Demographic characteristics based on age and
gender are generally considered to be closely related to
ROSC.Te probability of cardiovascular disease and the risk
of OHCA increase with age. Te elderly tend to have a lower
success rate of ROSC after resuscitation due to organic
weakness and basic comorbidity. In particular, it is worth
noting that age 75 may be an infection point, with a linear

Common effect model
Random effects model

Heterogeneity: I2 = 96%, tau2 = 0.0657, p < 0.01

Amnuaypattanapon K, 2020

Study logHR SE (logHR) HR 95%-CIHazard Ratio
Weight

(common)
(%)

Weight
(random)

(%)

-0.3188 0.0580 0.73 [0.63; 0.80] 42.0 49.7
Baldi E, 2020 -0.6892 0.0494 0.50 [0.45; 0.55] 58.0 50.3

0.59 [0.54; 0.63] 100.0 --
0.60 [0.42; 0.87] -- 100.0

0.5 1 2

Figure 4: Forest plot of the pooled sensitivity for the ROSC model in meta-analysis.

Common effect model
Random effects model

Heterogeneity: I2 = 96%, tau2 = 0.0194, p < 0.01

Amnuaypattanapon K, 2020

Study logHR SE (logHR) HR 95%-CIHazard Ratio
Weight

(common)
(%)

Weight
(random)

(%)

-0.2744 0.0392 0.76 [0.70; 0.81] 3.2 48.2
Baldi E, 2020 -0.0736 0.0071 0.93 [0.92; 0.94] 96.8 51.8

0.92 [0.91; 0.94] 100.0 --
0.84 [0.69; 1.03] -- 100.0

0.8 1 1.25

Figure 5: Forest plot of the pooled specifcity for the ROSC model in meta-analysis.
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decline in 30-day survival with up to age 75 and a more
signifcant slope after age 75 [25]. Male is considered a risk
factor in most models, which is mainly related to less es-
trogen in men. Although the mechanism of action is still
unclear, estrogen does have a certain protective efect on the
heart and nerves of CA patients, so women show a survival
beneft in early ROSC and 1.26 times higher 1-year survival
rate than men [26]. Te ROSC rate of OHCA induced by
diferent etiologies is also diferent, and the etiologies of
OHCA are generally classifed into 5H (hypoxemia, hypo-
thermia/hyperthermia, hypokalemia/hyperkalemia, hypo-
volemia, and hypoglycemia/hyperglycemia) and 5T (tablets,
tamponade, thrombosis, tension pneumothorax, and
toxins); in contrast, cardiogenic OHCA can often be in-
tervened by drugs, defbrillation, and interventional pro-
cedures in the prodromal, onset, and arrest stages, and
ROSC is easier to achieve in the prime time [19]. Te initial
rhythm type of OHCA patients can be divided into defb-
rillable rhythm and nondefbrillable rhythm. For patients
with defbrillable rhythm such as ventricular fbrillation or
pulseless ventricular tachycardia, the frst witness can obtain
AED in public places to defbrillate them so as to increase the
probability of successful resuscitation. On the contrary,
when the initial rhythm of OHCA patients is nondefbril-
lable rhythm such as ventricular arrest, pseudoelec-
tromechanical dissociation, and ventricular escape, the
administration of electric shock will aggravate the myo-
cardial injury [14]. External factors seem to be more im-
portant for OHCA patients than personal factors. Since
OHCA needs CPR within 4minutes, the location of the
patient when CA occurs, whether it is witnessed or whether
the bystander performs CPR, and the time of chest com-
pressions are critical to whether the patient can be found and
rescued at the frst time. Te arrival time of EMS and the
duration of ACLS can help the patient enter the next link of
the life chain as soon as possible and obtain continuous
advanced life support, thereby improving the ROSC prob-
ability. In addition, the model results of Kim et al. [16]
showed that partial pressure of blood oxygen (PO2) and base
excess (BE) can also predict ROSC in OHCA patients, which
has not been mentioned by other models. It is generally
believed that the death of OHCA patients is closely related to
hypoxic brain damage and hypoxemia, and ensuring PO2 of
patients has a positive signifcance in improving the ROSC
rate and neurological prognosis of OHCA patients. How-
ever, some studies have shown that there is no signifcant
relationship between the survival rate of OHCA patients and
PO2.Terefore, it is still controversial whether PO2 is related
to the ROSC rate of OHCA patients [27]. In addition, base
excess can refect the degree of systemic tissue acidosis, the
lower the value of base excess, the higher the risk of mortality
and coagulation disorders of patients, and should be con-
tinuously monitored during resuscitation [28]. However,
there is not enough evidence to show that base defcit can be
used as a predictor of ROSC. Moreover, due to the limi-
tations and defciencies of this model in performance
reporting and external verifcation, the predictive value of
PO2 and BE still needs to be further verifed. Te model of
Liu et al. [21] demonstrated that administration before

admission is a positive predictor, which is consistent with
the recommendations of AHA guidelines. According to
AHA guidelines, the early task for OHCA patients is to
achieve ROSC as soon as possible. Adrenaline, as the pre-
ferred rescue drug, can improve the success rate of ROSC by
improving myocardial blood supply, cerebral perfusion,
bronchiectasis, and other mechanisms [29].

As a special branch of OHCA, TOHCA is usually
triggered due to hemorrhagic shock, hypoxia, tension
pneumothorax, or pericardial tamponade after severe
trauma.Terefore, its survival rate is signifcantly lower than
that of cardiogenic OHCA. Emerging evidence has sug-
gested that improving the survival rate of TOHCA con-
tributes to the early ROSC rate [30, 31]. Among the included
studies, only the study of Kuo et al. [20] used TOHCA
patients as subjects to develop TOHCA scores for predicting
ROSC failure. Obvious chest injury, body temperature below
33°C, and possible etiologies of OHCA are independent risk
factors for ROSC failure after 45minutes of CPR [20].
Obvious chest injury is often accompanied by tension
pneumothorax and post-traumatic asphyxia, and its treat-
ment requires a professional doctor to carry out reversible
primary disease and surgical thoracotomy. Terefore, tra-
ditional chest compression and artifcial respiration by or-
dinary frst witnesses outside the hospital have little efect on
TOHCA patients, even deteriorate the disease, and reduce
the success rate of ROSC [32]. Although hypothermia
therapy before ROSC has a protective efect on the neuro-
logical prognosis of OHCA patients, whether it is applicable
to TOHCA patients with existing hypothermia is still
controversial [33, 34]. When the core temperature is lower
than 35°C, the body function will continue to decline,
leading to respiratory failure, heart failure, and renal failure
until CA attacks [34]. TOHCA patients with hypothermia
are often accompanied by complications such as coagulation
dysfunction and acidosis, which form the triad of traumatic
lethality, further deteriorate the functions of various organs,
and sharply increase the mortality rate [35]. In addition to
trauma, the presence of other potential causes of OHCA,
such as poisoning, sepsis, COVID-19 infection, allergy,
drowning, chronic obstructive pulmonary disease (COPD),
hyperkalemia, and hypokalemia, makes the ROSC rate of
TOHCA patients more dismal [8, 36]. Te TOHCA score
can be employed as a reference tool to help clinical decision
makers deal with the ethical conficts caused by limited
medical resources and ensure that medical resources can be
invested as early as possible from patients who still end up
with ROSC failure after 45minutes of CPR to other patients
with a higher probability of ROSC success. However, con-
sidering that giving up a rescue for TOHCA patients may
cause medical staf to fall into a moral dilemma and medical
disputes, it is suggested that the clinical application of this
score should be cautious.

For the development of the IHCA predictionmodel, only
the study of Harrison et al. [15] met the inclusion criteria.
Like for OHCA patients, age, gender, and initial heart
rhythm are also predictors of ROSC for IHCA patients. In
addition, predictors of ROSC in IHCA patients also include
the reason for the visit, length of hospital stay, and location
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of IHCA [15]. Te reason for the patient’s visit is closely
related to the primary disease. Patients with coronary heart
disease, myocardial infarction, and other cardiogenic dis-
eases and/or respiratory diseases have a higher risk of IHCA,
and they are more difcult to achieve sustained ROSC than
other patients because of the organic and functional changes
caused by the primary disease [37]. As indicated by Tran
et al. [38] and Harrison et al. [39], with the prolongation of
hospital stay, the frequency of IHCA is higher and the
prognosis after resuscitation is worse. If the patients are
accompanied by the deterioration of other diseases during
their hospital stay, the probability of IHCA after re-
suscitation and the risk of ROSC failure will increase. Te
location of IHCA also afects the success rate of ROSC. Te
ROSC success rate of IHCA occurring in the emergency
department, intensive care unit (ICU), and cardiology de-
partment is higher than that in other departments [40].
Diferent locations in the hospital also lead to diferent
arrival times of the rapid response team (RRT), thus af-
fecting ROSC [41].

4.4. Strength and Limitations. To our knowledge, this is the
frst study to comprehensively analyse and assess a predictive
model for the return of spontaneous circulation in cardiac
arrest patients. Prior to conducting our study, we conducted
research plans and information registries, as well as nor-
mative studies and reports using the Cochrane Handbook
and CHARMS.

Now also, we cannot rule out the possibility that our
study has limitations. At the outset, the pooled AUC is based
on the standard error, while some studies do not directly
provide this indicator, and there is no other method to
synthesize the AUC data from the indicators existing in the
original study. Terefore, the pooled AUC can only be
calculated by indirect inference of the standard error, which
afects the accuracy of the results to a certain extent. In
addition, not all studies reported the evaluation indicators
such as sensitivity, specifcity, PPV, and NPV of the pre-
diction model, so we only performed a meta-analysis on the
AUC, sensitivity, and specifcity of the models with some
included indicators and available indicators. Second, con-
sidering that the medical treatment of children, pregnant
women, and other special groups is diferent from that of
adults, this study only includes the ROSC prediction model
whose research objects are 18 years or older but it is still
important to develop the ROSC prediction model for special
groups. Finally, we only tested prediction models for Chi-
nese and English databases, so there may be other language
prediction models that we missed.

5. Conclusion

Tis study includes eight prediction models for ROSC, in-
cluding OHCA, TOHCA, and IHCA, all of which report
good discriminative performance. Unfortunately, these
models have a high risk of bias and a large diference in the
overall performance. Tus, the external verifcation of
multicenter is still needed before the practical application.

Further studies aimed at calibrating and optimizing the
current model based on the actual situation or constructing
a more standardized ROSC prediction model in strict ac-
cordance with the PROBAST evaluation criteria so as to
improve the accuracy and practicability of the model and
support its clinical application after publication.
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