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and integrated post ‑resuscitation care. Clini‑
cal risk models are useful tools for evaluating 
the risk of adverse clinical outcomes.5-9 In re‑
cent years, clinical risk models have been wide‑
ly applied to evaluate the prognosis of critical 
patients. More than 81 clinical risk models of 
CA have been published at present. However, 
only a small number of them have been rigor‑
ously validated.10

Currently, the  prediction models of in‑
‑hospital death in post ‑CA patients have been 
established. However, there are still some short‑
comings and interferences. These defects cre‑
ate inaccuracies in the model application and 

INTROduCTION Cardiac arrest (CA) is common 
worldwide, as approximately 292 000 adults ex‑
perience an in ‑hospital CA (IHCA),1 and 420 000 
people are diagnosed with out ‑of ‑hospital CA 
(OHCA) in the United States each year.2 Recent‑
ly, a study on the nationwide emergency depart‑
ment sample from the United States reported 
that the in ‑hospital survival rate of all CAs was 
only 28.7%. Furthermore, the incidence of CA 
is increasing year by year.3 Early evaluation of 
in ‑hospital mortality in post ‑CA patients plays 
a vital role in improving their prognosis and re‑
ducing mortality.4 This approach could be an ef‑
fective reference point for in ‑hospital treatment 
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AbsTRACT

INTROduCTION Nomograms of prognosis in patients with a history of cardiac arrest (CA) have been 
established. However, there are some shortcomings and interferences in their clinical application.
ObjECTIvEs Our study aimed at developing a utility nomogram to predict the risk of in ‑hospital death 
in post ‑CA patients.
PATIENTs ANd mEThOds We retrospectively extracted data from the MIMIC ‑IV database. The least 
absolute shrinkage and selection operator logistic regression and multivariable logistic regression were 
used to investigate independent risk factors. A nomogram defined as a prediction model was established 
for these independent risk factors. The model performance was measured by examining discrimination 
(area under the receiver operating characteristic curve [AUC]), calibration (calibration curve analysis), 
and utility (decision curve analysis [DCA]).
REsuLTs A total of 1724 post ‑CA patients were enrolled in the study. Of those, 788 survived and 936 
died. The incidence of in ‑hospital death was 54.3%. In this nomogram, the predictors included age, 
malignant cancer, bicarbonate, blood urea nitrogen, sodium, heart rate, respiratory rate, temperature, 
SPO2, norepinephrine prescription, and lactate level. The internally validated nomogram showed good 
discrimination (AUC 0.801; 95% CI, 0.775–0.835). The calibration curve analysis and DCA confirmed 
that this prediction model can be clinically useful.
CONCLusIONs We established a risk prediction model based on the admission characteristics to accurately 
predict the clinical outcome in post ‑CA patients. The nomogram might help with the risk identification 
and individual clinical interventions.
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comorbidities, vital signs, and laboratory tests. 
We extracted the patient’s first recorded vital 
sign data and laboratory data following the ad‑
mission. The vital signs included body tempera‑
ture, systolic blood pressure, diastolic blood pres‑
sure, mean blood pressure (MBP), heart rate, re‑
spiratory rate, and pulse oximetry–derived ox‑
ygen saturation (SPO2). The laboratory data in‑
cluded creatinine, anion gap, pH, lactate, blood 
urea nitrogen (BUN), chloride, glucose, hemoglo‑
bin, hematocrit, white blood cell count, platelet 
count, serum potassium, serum sodium, calcium, 
and international normalized ratio (INR). During 
the hospitalization, the therapy included vasoac‑
tive medications (norepinephrine) and continu‑
ous renal replacement therapy (CRRT). Each pa‑
tient’s acute physiology score II15 and sequential 
organ failure assessment16 were also computed. 
The primary end point was in ‑hospital death, de‑
fined as mortality status at the hospital discharge.

statistical analysis Firstly, we deleted the vari‑
ables with significant data missing (over 20% of 
the total data), and for the variables with missing 
data below 20% of the total data, we used mul‑
tiple imputation to impute the missing data.17 
The new dataset was divided into development 
and validation cohorts (approximately 2:1). We 
applied development and validation datasets 
to establish and validate the prediction mod‑
el, respectively. Continuous variables were ex‑
pressed as median (interquartile range [IQR]) 
or mean (SD). Categorical variables were ex‑
pressed as numbers (percentages). We performed 
group comparisons using the t test or the Wil‑
coxon rank ‑sum test for continuous variables 
and the χ2 test or the Fisher exact test for cat‑
egorical variables. Secondly, the least absolute 
shrinkage and selection operator (LASSO) lo‑
gistic regression analysis were used to identify 
candidate predictors with large regression coeffi‑
cients. Thirdly, multivariable logistic regression 
analysis was performed to identify independent 
risk factors and establish the risk model based on 
the training dataset. In the model, the score of 
each predictor was calculated based on the coef‑
ficients of logistic regression variables. A nomo‑
gram was used to visualize the model. The model 
discrimination was assessed by receiver operat‑
ing characteristic (ROC) curve analysis. The area 
under the curve (AUC) of 0.75 or more indicat‑
ed good discrimination. The prediction accu‑
racy of the risk model was determined by cali‑
bration plots and the Hosmer–Lemeshow test. 
The decision curve analysis (DCA) evaluated 
the clinical utility of the nomogram by quan‑
tifying net benefits against a range of thresh‑
old probabilities. These results were expressed 
by odds ratios (ORs) with 95% CIs. All the tests 
were 2 ‑tailed, and a P value below or equal to 
0.05 was considered significant. The statistical 
analyses were performed with R software ver‑
sion 3.6.3 (R Foundation for Statistical Comput‑
ing, Vienna, Austria).

provide erroneous guidance for clinicians. In ad‑
dition, these models mainly focused on the on‑
set information of CA, such as a location, emer‑
gency medical services arrival time, whether the 
event had been witnessed, and so on.11-13 How‑
ever, the patients’ clinical data after hospitaliza‑
tion are also likely to be related to in ‑hospital 
death. Herein, we aimed at building and devel‑
oping a novel nomogram based on the clinical 
information after hospitalization in post ‑CA pa‑
tients. The nomogram can refine the scores of 
each predictor to separately evaluate the prob‑
ability of death. It is advisable in clinical prac‑
tice to identify the post ‑CA patients at a higher 
risk of in ‑hospital death. This study would be of 
great value for decision ‑making, treatment, and 
intensive care in the post ‑CA patients.

PATIENTs ANd mEThOds data source We ob‑
tained primary data from the MIMIC ‑IV database. 
It contains all medical record numbers correspond‑
ing to the patients who were admitted to an inten‑
sive care unit (ICU) or emergency department be‑
tween 2008 and 2019 in the Beth Israel Deaconess 
Medical Center. The current version of the MIMIC‑
‑IV database is 1.0. After completion of an online 
training at the National Institutes of Health, one 
of our authors (CJ, certification ID: 8979131) was 
granted permission to access the database. Our 
study relied exclusively on publicly available and 
anonymized data. Therefore, it did not require indi‑
vidual patient permission. We conducted the study 
according to relevant guidelines aimed at the pa‑
tients’ privacy protection.

Population selection In the MIMIC ‑IV database, 
we identified adult patients (>18 years old) diag‑
nosed with CA at a hospital admission. The codes 
of the data extraction were the International Clas-
sification of Diseases, Ninth Revision (ICD ‑9) diag‑
nosis code 4275 and the International Classifica-
tion of Diseases, Tenth Revision (ICD ‑10) diagnosis 
codes I46, I462, I468, and I469. CA was defined as 
the cessation of cardiac activity characterized by 
unresponsiveness, no normal breathing, and no 
signs of circulation.14 The exclusion criteria includ‑
ed pregnancy and postpartum, unavailable medical 
records, missing blood biochemical and blood gas 
analysis data, and missing survival outcome data.

Clinical and laboratory data Data records in‑
cluded the patient characteristics and data on 

whAT’s NEw?

The evaluation of clinical outcomes could reduce the in ‑hospital mortality of 
patients with previous cardiac arrest (CA). Predictors of post ‑CA outcomes 
to reduce in ‑hospital mortality are yet to be identified. We built a clinical 
prediction model capable of identifying the post ‑CA patients at a risk of in‑
‑hospital mortality. This model provided an excellent prediction of in ‑hospital 
death and could be applied by clinicians as a reference to prevent the fatal 
events in post ‑CA patients.
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respiratory rate 25 bpm (RFS, 10 points), temper‑
ature 37 °C (RFS, 27.5 points), SPO2 95% (RFS, 
9 points), lactate 4 mmol/l (RFS, 13 points), and 
norepinephrine treatment (RFS, 12 points). His 
total score was approximately 179.5 points, and 
the risk of in‑hospital mortality was 78%.

Evaluation and validation of the nomogram The no‑
mogram had a good discriminating ability in the 
training set (AUC = 0.787; 95% CI, 0.753–0.821) 
and test set (AUC = 0.801; 95% CI, 0.778–0.824) 
(FIGuRE 3A and 3b). On the calibration plots, death 
rates predicted by the model were close to the ob‑
served death rates (FIGuRE 4A and 4b). DCA dem‑
onstrated that this nomogram has good clinical 
utility (FIGuRE 5A and 5b).

dIsCussION We included 1724 post ‑CA pa‑
tients from a large intensive care medical da‑
tabase. The in ‑hospital mortality incidence in 
the post ‑CA patients was 54.3%. This study 
showed that age, malignancy, bicarbonate, BUN, 
sodium, heart rate, respiratory rate, temper‑
ature, SPO2, norepinephrine use, and lactate 
levels were useful in predicting the risk of in‑
‑hospital death in the post ‑CA patients. Fur‑
thermore, a nomogram was established to eval‑
uate individual in ‑hospital death risk. This no‑
mogram was shown to provide excellent guide‑
lines and clinical benefits.

CA is a dangerous and life ‑threatening condi‑
tion. A large number of studies have investigated 
the factors that contribute to poor clinical out‑
comes in the post ‑CA patients during hospitaliza‑
tion. Previous clinical risk models of CA focused 
on the on‑admission information of CA rather 
than the post ‑admission clinical information.11-13 
These approaches also neglected the importance 
of vital signs, laboratory tests, and clinical com‑
prehensive scores for in ‑hospital death. We be‑
lieve these data are likely to be much more relat‑
ed to in ‑hospital death in the post ‑CA patients. 
Therefore, this study focused on the first clinical 
data recorded after the patient admission, includ‑
ing comorbidities, vital signs, blood test results, 
and treatment modalities. This is the first paper 
to report on the use of hospitalization clinical 
data, other than the onset information, to pre‑
dict in ‑hospital death in the post ‑CA patients.

This study showed that malignancy was an inde‑
pendent risk factor for in‑hospital death. However, 
this finding is still controversial in light of the re‑
sults of previous studies. An earlier study18 found 
that cancer was not associated with mortality in 
the short or long term after successful resuscitation 
in CA patients. In contrast, a study on the National 
Inpatient Sample from the United States reported 
that in ‑hospital CA patients with cancer had poor‑
er survival rates during hospitalization.19 We sus‑
pected that the patients with advanced malignancy 
were more likely to suffer from CA. Their odds of 
surviving CA are low due to their poor physical con‑
dition or multiple organ failure. Issa et al20 found 
that lactate level and vasopressors administration 

REsuLTs Characteristics of the study patients  
A total of 1724 patients diagnosed with post‑
‑CA syndrome, of whom 1055 were men and 
669 were women, were enrolled in this study. 
The  flow chart of participant enrollment in 
this study is shown in Supplementary mate‑
rial, Figure S1. The average (SD) age was 66.36 
(16.28) years. As many as 936 patients died dur‑
ing the hospitalization, 551 (58.87%) of whom 
were men. The in ‑hospital death incidence was 
54.3% (936/1724). As many as 42.52% of the pa‑
tients had congestive heart failure and 29.18% 
had a history of myocardial infarction. Further 
12.47% had a history of malignant cancer or ma‑
lignant cancer. The survivors had higher blood 
pressure, SPO2, temperature, and hemoglobin 
levels. The patients who received norepinephrine 
and CRRT therapy were more likely to die in the 
hospital. There were no significant differences in 
sex or comorbidities between the survival group 
and the death group except for malignant cancer 
(TAbLE 1). The whole sample was randomly divid‑
ed into a training set and a test set with the pro‑
portion of 7:3, and there was no significant dif‑
ference in the variables between the training set 
and the test set (TAbLE 2).

Predictors of in -hospital mortality The LASSO lo‑
gistic regression, which is useful for the prelim‑
inary selection of predictors, shrinks the coeffi‑
cients of less important variables to 0. It selected 
14 predictors with large regression coefficients, 
including age, sex, malignant cancer, bicarbon‑
ate, BUN, sodium, heart rate, respiratory rate, 
temperature, SPO2, MBP, norepinephrine pre‑
scription, INR, and lactate, as shown in FIGuRE 1A 
and 1b. Multivariable logistic regression analy‑
sis demonstrated that 11 factors were indepen‑
dently associated with in ‑hospital mortality in 
the post ‑CA patients. These were age (OR, 1.33; 
95% CI, 1.09–1.61), malignancy (OR, 1.76; 
95% CI, 1.16–2.66), bicarbonate (OR, 0.74; 
95% CI, 0.60–0.92), BUN (OR, 1.35; 95% CI, 
1.17–1.56), sodium (OR, 1.22; 95% CI, 1.04–1.42), 
heart rate (OR, 1.62; 95% CI, 1.32–2.00), respi‑
ratory rate (OR, 1.34; 95% CI, 1.09–1.66), tem‑
perature (OR, 0.80; 95% CI, 0.73–0.88), SPO2 
(OR, 0.78; 95% CI, 0.67–0.92), norepinephrine 
prescription (OR, 1.63; 95% CI, 1.23–2.16), and 
lactate (OR, 1.87; 95% CI, 1.49–2.35) (TAbLE 3).

Nomogram of in -hospital mortality A nomogram 
was constructed to estimate in ‑hospital death in 
the post ‑CA patients. This nomogram contained 
11 independent predictors: age, malignancy, bi‑
carbonate, BUN, sodium, heart rate, respiratory 
rate, temperature, SPO2, norepinephrine use, and 
lactate (FIGuRE 2). For example, a 70 year old (risk 
factor score [RFS], 23 points) patient with malig‑
nancy (RFS, 15 points) experienced cardiac arrest. 
His clinical data on admission were as follows: bi‑
carbonate 20 mmol/l (RFS, 27.5 points), BUN 40 
mg/dl (RFS, 9 points), sodium 135 mmol/l (RFS, 
6 points), heart rate 100 bpm (RFS, 27.5 points), 
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reported that women were at a greater risk of in‑
‑hospital death than men after CA.21,22 A meta‑
‑analysis23 demonstrated that women had low‑
er chances of survival from hospital admission to 
discharge (OR, 0.59; 95% CI, 0.48–0.73). How‑
ever, Winther ‑Jensen et al24 proposed that fe‑
male sex was not related to higher mortality in 

predicted in ‑hospital death in post ‑CA patients. 
Our study supports this conclusion. Lactate level 
(OR, 1.87; 95% CI, 1.49–2.35) and norepinephrine 
treatment (OR, 1.63; 95% CI, 1.23–2.16) positive‑
ly correlated with in ‑hospital death. We found no 
association between sex and in ‑hospital mortali‑
ty in the post ‑CA patients. Two previous studies 

TAbLE 1 Baseline characteristics of the study patients stratified by survival outcome

Characteristics Total (n = 1724) Survival (n = 788) Death (n = 936) P value

Age, y, mean (SD) 66.36 (16.28) 64.88 (15.89) 67.61 (16.5) <0.001

Male sex 1055 (61.19) 504 (63.96) 551 (58.87) 0.31

SBP, mm Hg, mean (SD) 112.36 (17.08) 115.65 (14.77) 109.60 (18.36) <0.001

DBP, mm Hg, mean (SD) 61.78 (11.86) 62.81 (10.84) 60.91 (12.60) <0.001

MBP, mm Hg 76.44 (11.87) 78.40 (10.26) 74.80 (12.85) <0.001

Heart rate, bpm, mean (SD) 86.25 (18.66) 82.40 (16.60) 89.48 (19.66) <0.001

Respiratory rate, bpm, mean (SD) 21.15 (4.54) 20.08 (4.18) 22.06 (4.63) <0.001

Temperature, °C, mean (SD) 36.48 (1.07) 36.73 (0.79) 36.27 (1.21) <0.001

SPO2, %, mean (SD) 96.16 (5.87) 97.59 (2.22) 94.95 (7.49) <0.001

Comorbidities

Diabetes 638 (37.01) 292 (37.06) 346 (36.97) >0.99

Hypertension 620 (35.96) 296 (37.56) 324 (34.62) 0.41

Myocardial infarction 503 (29.18) 244 (30.96) 259 (27.67) 0.29

Congestive heart failure 733 (42.52) 362 (45.94) 371 (39.64) 0.10

Chronic pulmonary disease 463 (26.86) 220 (27.92) 243 (25.96) 0.52

Malignancy 215 (12.47) 68 (8.63) 147 (15.71) <0.001

Laboratory parameters

Anion gap, mEq/l 16.50 (14.00–20.25) 16.50 (14.00–20.25) 18.00 (15.00–22.125) <0.001

BUN, mg/dl 26.50 (18.00–41.50) 22.75(16.00–36.50) 29.50 (19.50–46.63) <0.001

Bicarbonate, mmol/l 21.00 (17.50–24.50) 22.50 (19.50–25.00) 19.00 (16.00–22.50) <0.001

Creatinine, mg/dl 1.40 (0.95–2.275) 1.20 (0.85–1.95) 1.60 (1.00–2.46) 0.11

Chloride, mmol/l 104.00 (99.5–108.00) 104.00 (100.00–107.50) 105.00 (99.5–108.50) 0.09

Glucose, mg/dl 165.00 (131.50–220.25) 151.75 (124.50–200.13) 172.75 (136.00–243.25) <0.001

Hematocrit, % 32.97 (7.08) 33.03 (7.13) 32.83 (6.97) 0.04

Hemoglobin, g/dl 10.69 (2.42) 10.71 (2.45) 10.64 (2.36) <0.001

WBC, 109/l 12.60 (9.15–16.6) 13.05 (9.40–17.78) 13.60 (9.70–18.35) <0.001

Platelets, 109/l 194.75 (145.00–258.50) 193.00 (138.25–264.75) 185.0 (126.88–258.13) 0.009

pH 7.32 (7.24–7.38) 7.35 (7.28–7.39) 7.29 (7.20–7.36) <0.001

Lactate, mmol/l 3.10 (1.85–5.30) 2.35 (1.60–3.80) 4.23 (2.35–6.80) <0.001

Potassium, mmol/l 4.30 (3.90–4.80) 4.25 (3.90–4.70) 4.30 (3.90–4.90) 0.03

INR 1.40 (1.20–1.80) 1.30 (1.15–1.55) 1.50 (1.25–2.10) <0.001

Sodium, mmol/l 139.00 (136.00–142.00) 138.50 (136.00–141.00) 139.50 (136.00–143.00) 0.001

Renal replacement therapy 202 (11.72) 81 (10.28) 121 (12.93) 0.15

Norepinephrine 1111 (64.44) 409 (51.90) 702 (75.00) <0.001

Scoring systems

SOFA 9.00 (6.00–12.00) 8.00 (5.00–12.00) 11.00 (8.00–13.00) <0.001

APSII 70.00 (48.00–94.00) 72.00 (52.00–95.00) 69.00 (48.00–92.00) 0.03

ICU stay, d 3.52 (1.53–7.68) 4.64 (2.45–9.17) 2.61 (0.94–5.88) <0.001

Hospital stay, d 9.03 (3.52–20.43) 14.78 (8.31–27.26) 4.79 (1.41–11.80) <0.001

Data are presented as number (percentage) or median (interquartile range) unless indicated otherwise.

SI conversion factors: to convert anion gap to mmol/l, multiply by1, BUN to mmol/l, by 0.357, creatinine to µmol/l, by 88.4, glucose to mmol/l, by 
0.0555, hemoglobin to g/l, by 10.

Abbreviations: APSII, acute physiology score II; bpm, beats per minute for heart rate; bpm, breath per minute for respiratory rate; BUN, blood urea 
nitrogen; DBP, diastolic blood pressure; ICU, intensive care unit; INR, international normalized ratio; MBP, mean blood pressure; SBP, systolic blood 
pressure; SOFA, sequential organ failure assessment; SPO2, pulse oximetry–derived oxygen saturation; WBC, white blood cell
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FIGuRE 1  The selection 
of feature variables based 
on the least absolute 
shrinkage and selection 
operator logistic 
regression algorithm; 
A – each curve in 
the figure represents 
the change trajectory of 
each independent variable 
coefficient. The ordinate 
is the value of 
the coefficient, and 
the upper abscissa is 
the number of non ‑zero 
coefficients in the model 
at this time. b – for each 
λ value around the mean 
value of the target 
parameter shown by 
the blue dot, it is possible 
to obtain a confidence 
interval for the target 
parameter. The 2 dashed 
lines indicate 2 special λ 
values: c (cvfit$lambda.
min, cvfit$lambda.1se). 
The mean squared error 
was plotted vs log(λ). It 
can be seen that when 
the feature variables are 
compressed to less than 
14, the mean squared 
error increases 
significantly, so 14 feature 
variables seem 
the optimal solution for 
this study.
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the post ‑CA patients. Bae et al26 established a no‑
mogram based on data from 982 CA patients, and 
selected 12 predictors to develop the scoring sys‑
tem applied to adult nontraumatic CA patients. 
The condition of post ‑CA patients is extreme‑
ly complex and may vary considerably. There is 
a significant proportion of patients suffering from 
post ‑CA syndrome. Therefore, current standards 
advocate that clinicians should assess the progno‑
sis after spontaneous return of circulation within 

the patients successfully resuscitated from OHCA. 
Another meta ‑analysis demonstrated that wom‑
en had an increased (OR, 1.10; 95% CI, 1.03–1.20; 
P = 0.006, I2 = 61%) survival rate after CA.25 These 
studies have yielded conflicting results on the re‑
lationship between sex and clinical outcomes in 
post ‑CA patients. This discrepancy deserves fur‑
ther studies.

Our study is the second to establish a no‑
mogram to predict in ‑hospital mortality in 

TAbLE 2 Characteristics of the training dataset and the test dataset patients

Characteristics Total (n = 1724) Training dataset (n = 1207) Test dataset (n = 517) P value

Age, y, mean (SD) 66.36 (16.28) 66.51 (16.04) 66.04 (16.69) 0.49

Male sex 1055 (61.19) 760 (62.97) 295 (57.06) 0.27

SBP, mm Hg, mean (SD) 112.36 (17.08) 112.72 (17.16) 111.53 (16.89) 0.19

DBP, mm Hg, mean (SD) 61.78 (11.86) 61.84 (12.03) 61.64 (11.46) 0.74

MBP, mm Hg, mean (SD) 76.44 (11.87) 76.68 (11.91) 75.89 (11.77) 0.21

Heart rate, bpm, mean (SD) 86.25 (18.66) 86.77 (18.37) 87.25 (19.24) 0.06

Respiratory rate, bpm, mean (SD) 21.15 (4.54) 21.06 (4.46) 21.36 (4.71) 0.21

Temperature, °C, mean (SD) 36.48 (1.07) 36.49 (1.04) 36.27 (1.13) 0.52

SPO2, %, mean (SD) 96.16 (5.87) 96.24 (5.72) 94.95 (6.19) 0.39

Comorbidities

Diabetes 638 (37.01) 436 (36.12) 202 (39.07) 0.46

Hypertension 620 (35.96) 429 (35.54) 191 (36.94) 0.74

Myocardial infarction 503 (29.18) 369 (30.57) 134 (25.92) 0.16

Congestive heart failure 733 (42.52) 528 (43.74) 205 (39.65) 0.34

Chronic pulmonary disease 463 (26.86) 317 (26.26) 146 (28.24) 0.56

Malignancy 215 (12.47) 147 (12.18) 68 (13.15) 0.68

Laboratory parameters

Anion gap, mEq/l 16.50 (14.00–20.25) 16.50 (14.00–20.25) 17.0 (14.0–20.5) 0.27

BUN, mg/dl 26.5 (18.0–41.5) 26.5 (18.0–41.5) 24.5 (16.5–43.5) 0.98

Bicarbonate, mmol/l 21.0 (17.5–24.5) 21.0 (17.5–24.5) 20.5 (17.0–24.0) 0.07

Creatinine, mg/dl 1.40 (0.95–2.275) 1.40 (0.95–2.275) 1.40 (0.90–2.20) 0.31

Chloride, mmol/l 104.0 (99.5–108.0) 104.0 (99.5–108.0) 105.0 (99.5–108.5) 0.55

Glucose, mg/dl 165.00 (131.50–220.25) 165.00 (131.50–220.25) 161.0 (125.0–224.5) 0.98

Hematocrit, % 32.97 (7.08) 33.03 (7.13) 32.83 (6.97) 0.59

Hemoglobin, g/dl 10.69 (2.42) 10.71 (2.45) 10.64 (2.36) 0.59

WBC, 109/l 13.05 (9.40–17.78) 13.05 (9.40–17.78) 13.0 (9.5–17.4) 0.77

Platelets, 109/l 193.00 (138.25–264.75) 193.00 (138.25–264.75) 184.5 (133.5–246.0) 0.08

pH 7.32 (7.24–7.38) 7.32 (7.24–7.38) 7.31 (7.22–7.37) 0.09

Lactate, mmol/l 3.10 (1.85–5.30) 3.10 (1.85–5.30) 3.30 (1.85–5.60) 0.11

Potassium, mmol/l 4.3 (3.9–4.8) 4.3 (3.9–4.8) 4.30 (3.95–4.85) 0.97

INR 1.4 (1.2–1.8) 1.4 (1.2–1.8) 1.35 (1.20–1.80) 0.25

Sodium, mmol/l 139 (136–142) 139 (136–142) 139 (136–142) 0.7

Renal replacement therapy 202 (11.72) 137 (11.35) 65 (12.57) 0.58

Norepinephrine 1111 (64.44) 782 (64.79) 329 (63.64) 0.86

Scoring systems

SOFA 9 (6–12) 9 (6–12) 10 (6–13) 0.34

APSII 70 (48–94) 70 (48–94) 70 (52–93) 0.92

Data are presented as number (percentage) or median (interquartile range) unless indicated otherwise. 

SI conversion factors: see TAbLE 1

Abbreviations: see TAbLE 1
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to the model, clinicians can identify the patients 
at a high risk of in ‑hospital death and decide on 
the treatment to improve its medical efficiency. 
In addition, clinicians can use this nomogram to 
continuously evaluate the prognosis of comatose 
patients after spontaneous return of circulation 
within 72 hours based on the clinical observation 
indicators (vital signs and laboratory test results).

72 hours in coma patients.27 Clinical information 
collected at admission of the post ‑CA patients 
could be highly useful for the prediction of in‑
‑hospital mortality. Early prediction of in ‑hospital 
mortality is an important tool for clinicians to dis‑
cuss decision ‑making with the patient’s family. 
Our risk model can individually score post ‑CA pa‑
tients and guide the risk stratification. According 

TAbLE 3 Least absolute shrinkage and selection operator logistic regression and multivariate logistic regression 
analysis of risk factors

Variable LASSO logistic regression Multivariable logistic regression

OR (95% CI) P value OR (95% CI) P value

Age, y 1.25 (1.03–1.53) 0.03 1.33 (1.09–1.61) <0.001

Male sex 0.79 (0.60–1.04) 0.09 – –

Malignancy 1.77 (1.17–2.70) 0.007 1.76 (1.16–2.66) 0.008

Bicarbonate, mmol/l 0.75 (0.60–0.93) 0.008 0.74 (0.60–0.92) 0.007

BUN, mg/dl 1.35 (1.16–1.56) <0.001 1.35 (1.17–1.56) <0.001

Sodium, mmol/l 1.22 (1.04–1.43) 0.01 1.22 (1.04–1.42) 0.01

Heart rate, bpm 1.59 (1.29–1.96) <0.001 1.62 (1.32–2.00) <0.001

Respiratory rate, bpm 1.36 (1.10–1.68) 0.004 1.34 (1.09–1.66) 0.006

Temperature, °C 0.79 (0.72–0.87) <0.001 0.80 (0.73–0.88) <0.001

SPO2, % 0.79 (0.67–0.93) 0.004 0.78 (0.67–0.92) 0.003

MBP, mm Hg 0.87 (0.73–1.04) 0.12 – –

Norepinephrine 1.60 (1.20–2.12) 0.001 1.63 (1.23–2.16) <0.001

INR 1.03 (0.95–1.13) 0.43 – –

Lactate, mmol/l 1.81 (1.43–2.29) <0.001 1.87 (1.49–2.35) <0.001

Abbreviations: LASSO, least absolute shrinkage and selection operator; OR, odds ratio; others, see TAbLE 1 
SI conversion factors: see TAbLE 1

FIGuRE 2  The nomogram for predicting the risk of in ‑hospital mortality in post ‑cardiac arrest patients. The numbers 
on the Points axis repesent a scale for each risk factor, and the points for each predictor are acquired by drawing 
a straight line upwards from the corresponding value to the Points axis. Then, the points received for each predictor are 
added up, and the number is located on the Total Points axis. To find out a patient’s probability of in ‑hospital mortality, 
a straight line should be drawn down to the corresponding Risk of death axis.
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the mechanisms of CA, such as ventricular fibril‑
lation, asystole, acute pulmonary thromboem‑
bolism, and other conditions. It is necessary to 
conduct a subgroup analysis of specific mech‑
anism of CA in future studies. Finally, the CA 
patients in our analysis included both OHCA 
and IHCA. The IHCA patients are usually sick‑
er and have a higher burden of comorbidities 
than the OHCA patients at the baseline level. 
This may have impacted our findings.

Conclusions We established a nomogram based 
on the admission data in post ‑CA patients. This 
risk model could provide valuable insights into 
subsequent medical decisions.

study limitations There are several limitations 
of this study. Firstly, the study included only 
adult patients who were resuscitated at the site 
of CA and could be transported to the hospital 
or those who experienced CA in the hospital. Ad‑
ditionally, the CA patients during pregnancy or 
postpartum were excluded. Therefore, the no‑
mogram does not apply to all patients with CA. 
Secondly, we only included the clinical data col‑
lected within 24 hours after admission and did 
not consider the data collected at the CA onset 
(the time from CA onset to beginning of the re‑
suscitation) or prehospital care (chest compres‑
sions, administration of adrenaline, or defibrilla‑
tion). Thirdly, our study did not further analyze 

FIGuRE 3  Receiver operating characteristic curve (ROC) of the nomogram in the training set (A) and in the test set (b)
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FIGuRE 4  Calibration curve of the nomogram in the training set (A) and in the test set (b). The X axis represents the predicted probability of in‑
‑hospital mortality of post ‑cardiac arrest patients. The Y axis represents the actual in ‑hospital mortality of the post ‑cardiac arrest patients. The diagonal 
dotted line represents a perfect prediction by an ideal model. The solid line represents the performance of the nomogram, of which a closer fit to 
the diagonal dotted line represents a better prediction. Nearly complete match of the solid line and the diagonal dotted line demonstrates a good 
predictive ability of the prediction model.

0 0.2 0.4 0.6 0.8 1

0
0.

2
0.

4
0.

6
0.

8
1

Predicted probability of death

Ac
tu

al
 p

ro
ba

bi
lit

y 
of

 d
ea

th

Mean absolute error = 0.01, n = 1207B = 40 repetitions, boot

Apparent
Bias-corrected
Ideal

0 0.2 0.4 0.6 0.8 1

0
0.

2
0.

4
0.

6
0.

8
1

Predicted probability of death

Ac
tu

al
 p

ro
ba

bi
lit

y 
 o

f d
ea

th

Mean absolute error = 0.018, n = 517B = 40 repetitions, boot

Apparent
Bias-corrected
Ideal

A b



ORIGINAL ARTICLE Nomogram to predict in ‑hospital mortality of post ‑cardiac arrest 9

CONTRIbuTION sTATEmENT LQ conceived and designed the research; 
CJ, MZW, and WYM collected the data and conducted the research; CJ, 
ZR, and SXY analyzed and interpreted the data; CJ wrote the initial draft 
of the manuscript; LQ, MZW, and CYJ revised the manuscript; LQ ap‑
proved the final version of the manuscript to be submitted. CJ bears prima‑
ry responsibility for the final content. All authors read and approved the fi‑
nal manuscript.

CONFLICT OF INTEREsT None declared.

OPEN ACCEss This is an Open Access article distributed under the terms 
of the Creative Commons Attribution ‑NonCommercial ‑ShareAlike 4.0 Inter‑
national License (CC BY ‑NC ‑SA 4.0), allowing third parties to copy and re‑
distribute the material in any medium or format and to remix, transform, and 
build upon the material, provided the original work is properly cited, distrib‑
uted under the same license, and used for noncommercial purposes only. For 
commercial use, please contact the journal office at pamw@mp.pl.

hOw TO CITE Chen J, Mei Z, Wan Y, et al. A nomogram to predict in‑
‑hospital mortality in post ‑cardiac arrest patients: a retrospective cohort 
study. Pol Arch Intern Med. 2023; 133: 16325. doi:10.20452/pamw.16325

REFERENCEs

1 Holmberg MJ, Ross CE, Fitzmaurice GM, et al. Annual incidence of adult 
and pediatric in ‑hospital cardiac arrest in the United States. Circ Cardiovasc 
Qual Outcomes. 2019; 12: e005580.

2 Go AS, Mozaffarian D, Roger VL, et al. Heart disease and stroke statis‑
tics—2014 update: a report from the American Heart Association. Circula‑
tion. 2014; 129: e28 ‑292.

3 Ravindran R, Kwok CS, Wong CW, et al. Cardiac arrest and related mor‑
tality in emergency departments in the United States: analysis of the nation‑
wide emergency department sample. Resuscitation. 2020; 157: 166‑173. 

4 Girotra S, Chan PS, Bradley SM. Post ‑resuscitation care following out‑
‑of ‑hospital and in ‑hospital cardiac arrest. Heart. 2015; 101: 1943‑1949. 

5 Bai ZH, Guo XQ, Dong R, et al. A nomogram to predict the 28 ‑day mor‑
tality of critically ill patients with acute kidney injury and treated with con‑
tinuous renal replacement therapy. Am J Med Sci. 2021; 361: 607‑615. 

6 Yang S, Su T, Huang L, et al. A novel risk ‑predicted nomogram for sep‑
sis associated ‑acute kidney injury among critically ill patients. BMC Nephrol. 
2021; 22: 173. 

7 Zhou Y, He Y, Yang H, et al. Development and validation a nomogram for 
predicting the risk of severe COVID ‑19: a multi ‑center study in Sichuan, Chi‑
na. PLoS One. 2020; 15: e0233328. 

8 Liu J, Tao L, Gao Z, et al. Development and validation of a prediction 
model for early identification of critically ill elderly COVID ‑19 patients. Aging 
(Albany NY). 2020; 12: 18822‑18832. 

9 Jiang X, Su Z, Wang Y, et al. Prognostic nomogram for acute pancreati‑
tis patients: an analysis of publicly electronic healthcare records in intensive 
care unit. J Crit Care. 2019; 50: 213‑220. 

10 Carrick RT, Park JG, McGinnes HL, et al. Clinical predictive models of 
sudden cardiac arrest: a survey of the current science and analysis of mod‑
el performances. J Am Heart Assoc. 2020; 9: e017625. 

11 Holmberg MJ, Moskowitz A, Raymond TT, et al. Derivation and inter‑
nal validation of a mortality prediction tool for initial survivors of pediatric in‑
‑hospital cardiac arrest. Pediatr Crit Care Med. 2018; 19: 186‑195. 

12 Baldi E, Caputo ML, Savastano S, et al. An Utstein ‑based model score 
to predict survival to hospital admission: the UB ‑ROSC score. Int J Cardiol. 
2020; 308: 84‑89. 

13 Gräsner JT, Meybohm P, Lefering R, et al. ROSC after cardiac arrest ‑ 
the RACA score to predict outcome after out ‑of ‑hospital cardiac arrest. Eur 
Heart J. 2011; 32: 1649‑1656. 

14 Buxton AE, Calkins H, Callans DJ, et al. ACC/AHA/HRS 2006 key data 
elements and definitions for electrophysiological studies and procedures: 
a report of the American College of Cardiology / American Heart Associa‑
tion Task Force on Clinical Data Standards (ACC/AHA/HRS Writing Com‑
mittee to Develop Data Standards on Electrophysiology). J Am Coll Cardi‑
ol. 2006; 48: 2360‑2396.

15 Le Gall JR, Lemeshow S, Saulnier F. A new Simplified Acute Physiolo‑
gy Score (SAPS II) based on a European / North American multicenter study. 
JAMA. 1993; 270: 2957‑2963. 

16 Raith EP, Udy AA, Bailey M, et al. Prognostic accuracy of the SOFA 
score, SIRS criteria, and qSOFA score for in ‑hospital mortality among adults 
with suspected infection admitted to the Intensive Care Unit. JAMA. 2017; 
317: 290‑300. 

17 Pedersen AB, Mikkelsen EM, Cronin ‑Fenton D, et al. Missing data 
and multiple imputation in clinical epidemiological research. Clin Epidemi‑
ol. 2017; 9: 157‑166. 

18 Winther ‑Jensen M, Kjaergaard J, Hassager C, et al. Cancer is not asso‑
ciated with higher short or long ‑term mortality after successful resuscitation 
from out ‑of ‑hospital cardiac arrest when adjusting for prognostic factors. Eur 
Heart J Acute Cardiovasc Care. 2020; 9: S184 ‑S192. 

19 Guha A, Buck B, Biersmith M, et al. Contemporary impacts of a can‑
cer diagnosis on survival following in ‑hospital cardiac arrest. Resuscitation. 
2019; 142: 30‑37. 

suPPLEmENTARy mATERIAL

Supplementary material is available at www.mp.pl/paim.

ARTICLE INFORmATION

ACKNOwLEdGmENTs We acknowledge MIMIC database for provid‑
ing their platforms and contributors for uploading their meaningful datasets.

FuNdING This work was partially supported by grants from the National 
Natural Science Foundation of China (81873247). The funders had no role in 
the study design, data collection and analysis, decision to publish, or prep‑
aration of the manuscript.

FIGuRE 5  Validation of the decision curve analysis of the nomogram for post ‑cardiac 
arrest patients in the training set (A) and in the test set (b). The black line shows that 
the nomogram was not applied and the net income is zero, while the blue line shows 
that all patients used the nomogram. The further the blue line was from the gray line, 
the greater the clinical application value. The development of the nomogram (training 
set) and the verification of the nomogram (test set) all show that our model has a good 
clinical application value.
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