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ABSTRACT
Background: Cardiopulmonary resuscitation (CPR) is occurring more frequently at community 
hospitals but most patients undergoing CPR do not survive to discharge. Tools to predict CPR 
survival can be improved by the identification of high-yield clinical indicators. 
Objective: To identify variables associated with survival to discharge following in-hospital 
cardiac arrest. 
Methods: Retrospective cohort study of 463,530 hospital admissions from the Nationwide 
Inpatient Sample (2012–2016). The analysis includes adults (age ≥50) who underwent in- 
hospital CPR at US community hospitals. 
Results: Overall survival to discharge was 29.8% (95% CI: 29.5–30.1%). Age was the strongest 
predictor of survival and had greater prognostic value than the Charlson comorbidity index. 
Obesity was associated with improved survival (35.9%, 95% CI: 35.1–36.7%), whereas under
weight patients had decreased survival (24.0%, 95% CI: 22.2–25.7%). Acute indicators of poor 
survival included hyperkalemia, hypercalcemia, and sepsis. We generated an ABCD index 
based upon four high-yield variables (age, body habitus, comorbidity, day of hospital admis
sion). An ABCD score of 2 or less was a sensitive but non-specific predictor of post-CPR 
survival (96.8% sensitivity, 95% CI: 96.6–97.0), and those with extreme scores differed 3.8-fold 
with respect to post-CPR survival probability (46.0% versus 12.1%). 
Conclusion: Age is the strongest predictor of post-CPR survival, but body habitus is also an 
important indicator that may currently be underutilized. Our results support improved post- 
CPR survival of obese patients, consistent with an ‘obesity paradox’. The ABCD score provides 
an efficient means of risk-stratifying patients and can be calculated in less than 1 minute.

ARTICLE HISTORY
Received 15 October 2020  
Revised 07 December 2020  
Accepted 15 December 2020  

KEYWORDS
Decision making; end-of-life 
care; evidence-based 
medicine; geriatrics; 
prognostic factors

1. Introduction

The decision to provide advance consent for CPR 
in the event of in-hospital cardiac arrest (IHCA) 
can be challenging for patients. Some patients stand 
to benefit from CPR if they have few comorbidities 
and if the underlying cause of IHCA can be iden
tified and resolved. On the other hand, CPR may 
be futile and only extend suffering when underlying 
conditions cannot be resolved [1]. CPR may there
fore not be appropriate for all patients and provi
ders must support patients in code status 
discussions at the time of admission and through
out their hospital stay. As an approximate guide
line, only one in eight patients who undergo in- 
hospital CPR will survive to discharge [2]. Ideally, 
however, code status discussion will be informed by 
patient-specific factors, and some decision-support 
algorithms have been developed for this purpose. 
These include the Pre-arrest Morbidity (PAM) 
index [3], the Prognosis After Resuscitation (PAR) 
score [4], and the Good Outcome Following 
Attempted Resuscitation scoring system (GO-FAR) 

[5]. Despite the availability of these indices, CPR 
incidence has risen in recent years with greater 
hospitalization costs and recipients having an 
increasingly high comorbidity burden [6].

The clinical utility of a decision-support tool 
depends upon accuracy for prediction or risk- 
stratification as well as ease of clinical use. Accuracy 
crucially depends upon data used to formulate the 
tool, with larger datasets yielding more robust tools 
more likely to generalize to other patient populations. 
The PAM index was innovative at the time of its 
development, although it is complex (15 predictor 
variables) and developed from analysis of only 140 
patients [3]. The PAR score is less complex (8 pre
dictor variables) and derived from meta-analysis of 
14 studies involving an unknown number of patients 
[4]. Neither index (PAM nor PAR) was effective at 
predicting post-CPR survival in a validation study 
[7]. The GO-FAR index is based upon 13 variables 
and was developed from analysis of 51,240 patients 
[5]. GO-FAR differs from other indices in that it was 
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developed to predict neurologically intact survival, 
rather than survival to discharge. Additionally, GO- 
FAR has been validated by one prospective study [8].

The Nationwide Inpatient Sample (NIS) is the largest 
available nationally representative all-payer database of 
inpatient hospital admissions in the USA. Analyses of 
NIS data have identified associations between increased 
post-CPR mortality and chronic kidney disease [9], 
acute kidney injury [10], end-stage liver disease [11], 
hospitals located in the Northeast USA [12], and multi
ple CPR attempts [13]. Unexpected or paradoxical asso
ciations have also been identified. For example, an NIS 
study of women 13–49 years of age (2002–2011) 
showed that post-CPR mortality was lower among 
pregnant compared to nonpregnant women [14]. 
Another NIS study (2003–2011) found that smokers 
who underwent CPR had a higher rate of survival to 
discharge than non-smokers (28.2% vs. 24.1%) [15]. 
Associations between survival and obesity have been 
conflicting. One NIS analysis (2001–2008) showed 
that survival to discharge was lower in morbidly obese 
patients, particularly if IHCA occurred after 7 days of 
hospitalization [16]. However, another NIS study (
2003–2011) showed that obese patients had improved 
survival to hospital discharge (31.4%) compared to 
non-obese patients (24.1%) [17].

This study analyzed recent NIS sample cohorts 
(2012–2016) to identify factors associated with sur
vival to hospital discharge. Our goal was to under
stand the relative importance of factors associated 
with survival, with the aim of identifying high-yield 
indicators that warrant consideration as predictors 
in decision-support tools (e.g., PAM, PAR and GO- 
FAR) [3–5]. We attempt to clarify the association 
between obesity and survival, which has been 
inconsistent in previous NIS studies [16,17]. 
Finally, we formulate an efficient ABCD score 
based upon only four high-yield predictors, which 
can be used to risk-stratify patients with respect to 
post-CPR survival probability.

2. Methods

The analysis was performed using a sample of 
35,777,371 hospital admissions over a 5-year period 
(2012: 7,296,968; 2013: 7,119,562; 2014: 7,071,762, 
2015: 7,153,989; 2016: 7,135,090). Each admission 
was representative of approximately five nationwide 
admissions. Among the 35,777,371 admissions, we 
identified 113,499 CPR events (2012: 21,702; 2013: 
22,667; 2014: 23,684; 2015: 23,471; 2016: 21,975). 
Of these, we included patients age 50 or greater, 
and we excluded 3 admissions for which no diag
nosis codes were available. This yielded 92,706 CPR 
admissions, which were representative of 463,530 
(± 8.66) such admissions nationwide. This paper 
reports nationwide estimates unless otherwise 

stated. For 2012, 2013, 2014, and the first three 
quarters of 2015, CPR events were identified using 
ICD-9 procedure codes 9960 (cardiopulmonary 
resuscitation) and 9963 (closed-chest cardiac mas
sage). For 2016 and the last quarter of 2015, CPR 
events were identified based upon the ICD-10 pro
cedure code 5A12012 (performance of cardiac out
put, single, manual). Obese patient admissions were 
identified using ICD-9/10 diagnosis codes contain
ing the word ‘obesity’ and/or codes specifying 
a body mass index of 30 or greater. Underweight 
patient admissions were identified using ICD-9/10 
diagnosis codes corresponding to ‘underweight’ 
and/or ‘body mass index less than 19’. The day 
on which CPR was performed was calculated 
using the recorded procedure and admission 
dates, such that day 0 is defined as the day of 
admission, and day 1 indicates that at least one 
midnight has passed since admission.

The R package ‘comorbidity’ was used to calcu
late the Charlson comorbidity index (function: 
comorbidity) [18,19]. A hierarchy of comorbidities 
was applied (option: assign0 = TRUE), such that 
a given comorbidity with differing levels of severity 
was not counted multiple times. The weighted 
Charlson score was used for all analyses [18]. The 
R package ‘survey’ was used to calculate percent 
survival and confidence internals (functions: svy
mean and confint). This allowed percent survival 
to be estimated with adjustment for NIS stratum 
(NIS_STRATUM) and admission weights 
(DISCWT). Depending upon the subgroup ana
lyzed, a small number of NIS strata were associated 
with only one CPR admission. In such cases, the 
stratum contribution to the total variance was set 
equal to the average of all other strata (i.e., survey 
package option: survey.lonely.psu = ‘adjust’). 
Associations between variables and survival to hos
pital discharge were evaluated using generalized 
linear models with inverse-probability weighting 
and design-based standard errors (R package: sur
vey; function: svyglm).

We develop an index to predict survival to dis
charge and calculated measures of test accuracy. 
Balanced accuracy estimates and associated confi
dence intervals were calculated using the R ‘caret’ 
package (function: confusionMatrix). Sensitivity, 
specificity, positive predictive value, and negative 
predictive value and associated confidence intervals 
were calculated using the R ‘bdpv’ package (func
tion: BDtest). Exact confidence intervals were cal
culated for sensitivity and specificity, whereas 
asymptotic standard logit intervals were calculated 
for positive/negative predictive values [20]. The 
ROC curve AUC statistic and confidence interval 
were calculated using the R ‘pROC’ package (func
tion: roc) [21].
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3. Results

3.1. Survival to discharge following in-hospital 
CPR is influenced by year, race, socioeconomic 
status, and admission day

The overall probability of survival to discharge was 
29.8% (95% CI: 29.5%-30.1%) among 463,530 admis
sions during which CPR was performed (Figure 1(a)). 
There was slight improvement in survival between 
2012 (28.6%) and 2016 (30.1%) (Figure 1(a)). 
However, percent survival confidence intervals over
lapped from year-to-year, except 2012 survival was 
significantly lower (28.6%) compared to 2014, 2015 
and 2016. Survival was higher among whites (30.8%) 
compared to blacks (27.6%) or other ethnic groups 
(28.2%), and survival was higher among patients 
from wealthier zip codes (Figure 1(a)). The 
hospital day on which CPR occurred had a strong 
effect on survival probability. Patients with CPR 
events on the day of admission (day 0) had signifi
cantly greater survival (35.9%) than those with CPR 

on day 1 or after (26.9%). Male and female survival 
probabilities did not differ significantly (Figure 1(a)).

3.2. Age is the strongest predictor of survival to 
discharge following in-hospital CPR

Percent survival was much greater among those aged 
50–60 (34.7%) compared to those 90 or greater 
(20.4%). Percent survival declined approximately 
0.36% per year between the ages of 50 and 90 
(Figure 1(b)). Charlson index was predictive of survi
val, although survival was similar for patients with 
low scores (0–5) and declined only among patients 
with a score of 6 or greater (Figure 1(a)). Only some 
Charlson Index components were predictive of poor 
outcomes. Survival was substantially lower among 
patients with cancer (20.8%), patients with metastatic 
cancer (16.8%), and patients with moderate-to-severe 
liver disease (16.4%). Other Charlson Index compo
nents were associated with only modestly decreased 
or even improved survival (Figure 1(a)). Predictive 

Figure 1. Variables associated with survival to discharge in older adults following in-hospital CPR. (A) Percent survival by 
subgroup. Plots show point estimates and 95% confidence intervals (left margin: group, sample size; right margin: point 
estimates with 95% confidence intervals). (B) Percent survival versus age. Point estimates are shown with 95% confidence 
intervals (inset: line plot with least-squares slope). (C) Percent survival in subgroups by age and Charlson Index. (D) Cross- 
validation prediction accuracy (Charlson Index vs. Age). In each simulation trial, 20,000 randomly sampled admissions were used 
for model training (50% survivors, 50% non-survivors), and 20,000 randomly sampled admissions were used for model testing 
(50% survivors, 50% non-survivors). Univariate logistic regression models were estimated in each trial (Charlson Index or age as 
a predictor). The testing accuracy distribution among all simulations is shown (null expectation: 50% accuracy).
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ability of the Charlson Index declined with age. 
Among patients age 90 or older, those with an 
index score 8 or higher had higher survival (22.1%) 
than those with an index score of 0 or 1 (17.0%). 
A similar paradoxical trend was seen in the 85–89 age 
group (Figure 1(c)). In cross-validation simulation 
trials, age was a stronger predictor of survival to 
discharge than the Charlson Index (balanced accu
racy of 54.0% versus 51.1%, Figure 1(d)).

3.3. Obesity is associated with improved survival 
to discharge following in-hospital CPR

Survival to discharge was higher among obese 
patients compared to non-obese patients (35.9%, 
95% CI: 35.1%-36.7%). Survival was slightly reduced 
in patients with morbid obesity but still higher com
pared to non-obese patients (34.1%, 95% CI: 33.0%- 
35.2%). On the other hand, underweight patients had 
significantly reduced survival compared to all other 

patients (24.0%, 95% CI: 22.2%-25.7%). Obese patient 
survival was significantly higher among all age groups 
except in patients 90 or greater (P < 0.05, general 
linear model; Figure 2(a)). Likewise, obese patient 
survival was significantly higher in all examined sub
groups that differed according to Charlson Index 
(Figure 2(b)) and each of five chronic conditions 
(MI, CHF, COPD, diabetes, and renal disease; 
Figure 2(c)).

A significantly lower percentage of obese patients 
aged 60–79 who survived CPR were discharged to 
home compared to non-obese patients (Figure 2(d)). 
However, among CPR survivors with high comorbid
ity (Charlson Index ≥8), obese patients were more 
likely to be discharged home compared to non-obese 
patients (Figure 2(e)). There was no evidence that 
obese or morbidly obese patients had lower CPR 
survival when CPR was performed late during 
a hospital admission (Figure 2(f,g)). Likewise, there 
was no significant evidence that obese or morbidly 

Figure 2. Influence of obesity and morbid obesity on the probability of survival to discharge following in-hospital CPR. (A – C) 
Percent survival in non-obese and obese patients of varying age, Charlson Index, and chronic condition (D, E) Percent discharge 
to home among CPR survivors in non-obese and obese patients of varying age and Charlson Index. (F, G) Percent survival in 
obese or morbidly obese patients with CPR performed at varying times post-admission (H, I) Percent survival in obese and 
morbidly obese patients with or without diagnosis codes for ventricular tachycardia (V-tach) or ventricular fibrillation (V-fib). In 
all figures (A – I), an asterisk (*) denotes a significant y-axis percentage difference in the comparison between obese and non- 
obese patients or between morbidly obese and non-morbidly obese patients (*P < 0.05, general linear model). All such 
comparisons were made within the subgroups indicated on the horizontal axis.
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obese patients with shockable rhythms were less likely 
to survive to discharge following CPR (Figure 2(h,i)).

3.4. Acute conditions associated with poor 
survival include hyperkalemia, hypercalcemia 
and sepsis

CPR survivors were compared to non-survivors to 
identify diagnosis codes with differing frequency in 

each group. ICD-9 and ICD-10 codes for hypoka
lemia, acute posthemorrhagic anemia, ventricular 
tachycardia, complete AV block, and ventricular 
fibrillation were more frequent among survivors 
(Figure 3(a,c)). On the other hand, do not resusci
tate status, palliative care encounter, severe sepsis, 
acidosis, defibrination syndrome, coma, kidney fail
ure, dehydration, anoxic brain damage, and hyper
kalemia were more frequent among non-survivors 

Figure 3. Diagnostic codes enriched among survivors and non-survivors. (A, C) ICD9 and ICD10 diagnostic codes overrepre
sented among patients that survived to discharge following in-hospital CPR. (B, D) ICD9 and ICD10 diagnostic codes over
represented among patients that did not survive to discharge following in-hospital CPR. (E) Percent survival by subgroup. Plots 
show point estimates and 95% confidence intervals (left margin: group, sample size; right margin: point estimates with 95% 
confidence intervals). (F) Percent survival by potassium level and CKD status (*P < 0.05, non-CKD vs. CKD, general linear model). 
(G) Percent survival by calcium level and CKD status (*P < 0.05, non-CKD vs. CKD, general linear model).
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(Figure 3(b,d)). Survival probabilities for patients 
with hyperkalemia and hypercalcemia were poor 
(24.1% and 24.4%, respectively; Figure 3(e)). This 
did not appear due to underlying renal disease, 
since patients with hyperkalemia or hypercalcemia 
but without chronic kidney disease still had 
decreased survival (Figure 3(f,g)). Shockable 
rhythms were associated with high survival rates 
(e.g., ventricular tachycardia/flutter; Figure 3(e)), 
and survival rates were excellent for patients with 
magnesium disorder (44.2%) and long QT (63.4%). 
Survival was poor, however, in those with sepsis 
(22.4%) and acidosis (24.6%) (Figure 3(e)).

3.5. A simple ABCD score to risk-stratify patients 
with respect to the probability of post-CPR 
survival

We formulated a simple ABCD index score to predict 
CPR survival, with values ranging from −2 (higher 
predicted survival) to 4 (lower predicted survival) 
(Figure 4(a)). The four variables incorporated into 
the score were each significantly associated with 

survival to discharge when combined as covariates 
within the same general linear model (Table 1). 
A majority of patients (57%) had an ABCD score of 
1 or greater (Figure 4(b)), and those with a score of 
−2 had a survival rate 3.8 times higher than those 
with a score of 4 (46.0% versus 12.1%) (Figure 4(c)). 
An ABCD score ≤2 was 96.8% sensitive for predicting 
survival to discharge (Figure 4(e)). Alternatively, an 
ABCD score ≤ −1 was 82.0% specific for predicting 
survival (Figure 4(f)). Accuracy and positive and 
negative predictive values likewise varied based 
upon the ABCD score threshold chosen (Figure 4(d, 
g,h)). The receiver operating characteristic (ROC) 
curve AUC statistic was modest (0.581) but signifi
cantly greater than the null expectation of 0.50 (95% 
CI: 0.577, 0.585; Figure 4(i)).

4. Discussion

CPR is frequently performed on patients unlikely to 
benefit but who might have been recognized as poor 
candidates based upon objective indicators [1]. Tools 
have been developed to predict post-CPR survival 

Figure 4. A simple ABCD score to risk-stratify patients with respect to the probability of survival following in-hospital CPR. (A) 
ABCD score definition. (B) Histogram showing number of CPR admissions relative to ABCD score. (C) Percent survival to 
discharge versus ABCD score. 95% confidence intervals are shown. (D – H) Accuracy, sensitivity, specificity, positive predictive 
value (PPV), and negative predictive value (NPV) at different ABCD score thresholds. 95% confidence intervals are shown (not 
visible for all estimates). (I) ROC curve. The area under the curve (AUC) statistic and confidence interval is shown (top margin).
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[3–5], but these may be refined using ‘big data’ 
approaches to highlight variables with the strongest 
prognostic value [22,23]. This study utilized the 
Nationwide Inpatient Sample (NIS) (2012–2016) to 
identify factors associated with the survival to dis
charge in 463,530 hospital admissions during which 
CPR was performed (adults 50 or older). Our results 
identify high-yield clinical indicators to inform goals- 
of-care discussions (e.g., Age, Body habitus, 
Comorbidity (cancer, liver disease), Day of hospital 
admission). We have incorporated this information 
into a compact ABCD index that is easily remem
bered and serves to focus attention on indicators 
most predictive of CPR outcome.

Age and comorbidity burden are frequently asso
ciated but should be considered separately when 
working with older patients [22]. Age is not 
a component of the PAM index [3] and is included 
but weakly weighted within the PAR index [4]. Our 
analysis, however, showed that age was the strongest 
overall predictor of survival to discharge following in- 
hospital CPR (Figure 1). Age was also a stronger 
predictor than the Charlson comorbidity index 
score (Figure 1(d)). Survival rates varied continuously 
in all age groups examined, whereas those with 
Charlson index scores ≤5 did not differ with respect 
to survival rate (Figure 1(a)). Moreover, higher 
Charlson index scores were not associated with 
decreased survival in patients 85 and older (Figure 1 
(c)). The Charlson index score may have been less 
robustly associated with survival because several score 
components were not associated with poor outcomes 
(e.g., peptic ulcer disease, diabetes with complica
tions, and paralysis; Figure 1(a)). Indeed, only some 
forms of comorbidity were predictive of poor survi
val, most notably cancer and moderate-to-severe liver 
disease (Figure 1(a)). We did not observe decreased 
CPR survival among CKD or dialysis patients (Figure 
3(e-g)). A composite score of comorbidity may there
fore fail to risk-stratify patients effectively since not 
all comorbidities negatively impact CPR survival.

In our study, obese patients had an approximately 
6% higher rate of post-CPR survival compared to 
non-obese patients, an effect size tantamount to 
15 years of aging (Figure 1(b)). Underweight patients 
were also less likely to survive, which had not pre
viously been discerned from analysis of NIS data [17]. 
Body habitus is not a predictor in the PAM, PAR or 
GO-FAR indices [3–5], suggesting that this informa
tion may currently be underutilized. Our results con
flict with one prior NIS study, which excluded obese 
patients but focused more narrowly on morbidly 
obese patients (representing 1.1% of CPR cases) 
[16]. However, our results agree well with an analysis 
of earlier NIS cohorts (2003–2011) that considered 
836,289 admissions with CPR performed on adults 
18 years and older, of which 67,216 (8.0%) instances 
involved an obese patient [17]. Other NIS analyses 
have also shown that improved post-CPR survival is 
associated with conditions linked to increased body 
mass index, such as diabetes [24] and pregnancy [14]. 
Theoretically, large body habitus could reduce the 
ability of CPR to effectively promote circulation, 
while further increasing electrical impedance to hin
der treatment of shockable rhythms. Neither of these 
concerns, however, appear to be borne out by empiri
cal evidence [25]. Our results therefore support an 
‘obesity paradox’ regarding post-CPR survival, 
wherein obese patients are more likely to survive to 
hospital discharge [17].

Those involved in the care of critically ill patients 
should be aware of post-CPR survival indicators to 
effectively lead goals-of-care discussions. The ABCD 
score emphasizes only those indicators emerging as 
the most influential in our analysis (Figure 4(a)). It is 
easily remembered, can be calculated in less than 
1 minute, and may therefore at least be heuristically 
useful for risk-stratification (Figure 4(c)). The ABCD 
score includes stable predictors, in contrast to the 
GO-FAR score, which includes some dynamic vari
ables that may not be stable during hospital admis
sion (e.g., hypotension/hypoperfusion, respiratory 

Table 1. Survey-weighted general linear model with ABCD variables. Survival was used as a quasi-binomial response variable (1 
if a patient survived to discharge; 0 otherwise). The model was estimated using 463,530 hospital admissions (3 admissions 
excluded due to a lack of within-strata replication). Age was incorporated as an ordinal variable, whereas obesity, underweight, 
comorbidity and CPR day were incorporated as categorical predictors (coded as 1 or 0; see footnotes).

Estimate Std Error T-statistic P-value
(Intercept) 0.61 0.048 12.70 <2e-16
Age −0.02 0.001 −25.17 <2e-16
Obesity* 0.23 0.020 11.36 <2e-16
Underweight† −0.11 0.050 −2.27 0.023
Comorbidity‡ −0.61 0.023 −26.53 <2e-16
Day§ −0.44 0.015 −29.59 <2e-16

*Categorical variable: 70,395 obese admissions vs. 393,135 non-obese admissions. 
†Categorical variable: 11,455 underweight admissions vs. 452,075 non-underweight admissions. 
‡Categorical variable: 113,320 admissions with comorbidity vs. 350,210 admissions without comorbidity. Comorbidity includes cancer (with or without 

metastasis) and moderate-to-severe liver disease. 
§Categorical variable: 172,075 CPR day 0 admissions vs. 291,455 admissions with CPR day ≥ 1. 
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insufficiency). The ABCD score is either sensitive or 
specific, depending upon the threshold chosen, 
although is not both sensitive and specific (Figure 
4). To avoid the error of not resuscitating a patient 
who might survive to discharge following CPR, our 
results suggest that patients with a score of 2 or less 
would be good CPR candidates (96.8% sensitivity). 
This threshold would have identified 5.4% of CPR 
interventions as likely futile during the 2012–2016 
study period (about 25,000 CPR interventions nation
ally). Alternatively, the ABCD score can be mapped 
to a specific post-CPR survival probability (12.1–
46.0%), which may be informative for patients who 
may have different expectations regarding the odds of 
post-CPR survival [26].

A strength of our study was the analysis of a large 
number of hospital admissions (463,530), which is 
a larger sample size than has been used to formulate 
some predictive indices such as PAM and GO-FAR 
[3–5]. However, our analysis also has several limita
tions. First, the overall percentage of patients surviv
ing to discharge following CPR was 29.8% in our 
analysis, which is consistent with analyses of earlier 
NIS cohorts [9–17], although studies utilizing other 
data sources have frequently calculated survival rates 
below 20% [27–29]. The absolute post-CPR survival 
rates calculated in our analysis may therefore be 
optimistic, although this would not necessarily bias 
associations we identified between variables and post- 
CPR survival. Second, our results are based upon 
ICD-9/10 diagnostic and procedure codes, which 
may contain errors or coding biases. Third, ICD-9/ 
10 codes included in NIS do not provide measures of 
functional status, which may be an important predic
tor of outcomes in older patients [22]. Fourth, we 
have identified variables associated with post-CPR 
survival, but we cannot fully exclude the possibility 
of confounding variables driving such associations.

The decision to proceed with aggressive care follow
ing IHCA can be life-saving but may also cause unne
cessary pain and increase costs associated with end-of- 
life treatment [30]. In a recent systemic review, 
a documented discussion with a healthcare provider 
was the only intervention shown to reduce aggressive 
end-of-life care in cancer patients, emphasizing the 
important role of such interactions [31]. This study 
identified high-yield factors associated with post-CPR 
survival based upon a large nationally representative 
database. Our findings can help improve awareness of 
key clinical indicators to facilitate productive and evi
dence-based goals-of-care conversations.
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