
1Han D, et al. BMJ Open 2022;12:e059761. doi:10.1136/bmjopen-2021-059761

Open access�

Early prediction of in-hospital mortality 
in patients with congestive heart failure 
in intensive care unit: a retrospective 
observational cohort study

Didi Han,1,2 Fengshuo Xu,1,2 Luming Zhang,1 Rui Yang,1,2 Shuai Zheng,1,3 
Tao Huang,4 Haiyan Yin,1 Jun Lyu  ‍ ‍ 4,5

To cite: Han D, Xu F, Zhang L, 
et al.  Early prediction of in-
hospital mortality in patients 
with congestive heart failure 
in intensive care unit: a 
retrospective observational 
cohort study. BMJ Open 
2022;12:e059761. doi:10.1136/
bmjopen-2021-059761

	► Prepublication history for 
this paper is available online. 
To view these files, please visit 
the journal online (http://dx.doi.​
org/10.1136/bmjopen-2021-​
059761).

Received 02 December 2021
Accepted 15 May 2022

For numbered affiliations see 
end of article.

Correspondence to
Dr Jun Lyu;  
​lyujun2020@​jnu.​edu.​cn

Original research

© Author(s) (or their 
employer(s)) 2022. Re-use 
permitted under CC BY-NC. No 
commercial re-use. See rights 
and permissions. Published by 
BMJ.

ABSTRACT
Objective  Congestive heart failure (CHF) is a clinical 
syndrome in which the heart disease progresses to a 
severe stage. Early diagnosis and risk assessment of 
death of patients with CHF are critical to prognosis and 
treatment. The purpose of this study was to establish a 
nomogram that predicts the in-hospital death of patients 
with CHF in the intensive care unit (ICU).
Design  A retrospective observational cohort study.
Setting and participants  Data for the study were from 
30 411 patients with CHF in the Medical Information Mart 
for Intensive Care database and the eICU Collaborative 
Research Database (eICU-CRD).
Primary outcome  In-hospital mortality.
Methods  Univariate logistic regression analysis was used 
to select risk factors associated with in-hospital mortality 
of patients with CHF, and multivariate logistic regression 
was used to build the prediction model. Discrimination, 
calibration and clinical validity of the model were evaluated 
by AUC, calibration curve, Hosmer-Lemeshow χ2 test and 
decision curve analysis, respectively. Finally, data from 15 
503 patients with CHF in the multicentre eICU-CRD were 
used for external validation of the established nomogram.
Results  The inclusion criteria were met by 15 983 
subjects, whose in-hospital mortality rate was 12.4%. 
Multivariate analysis determined that the independent 
risk factors were age, race, norepinephrine, dopamine, 
phenylephrine, vasopressin, mechanical ventilation, 
intubation, hepatic failure (HepF), heart rate, respiratory 
rate, temperature, systolic blood pressure (SBP), anion 
gap (AG), blood urea nitrogen (BUN), creatinine, chloride, 
mean corpuscular volume (MCV), red blood cell distribution 
width (RDW) and white cell count (WCC). The C-index 
of the nomogram (0.767, 95% CI 0.759 to 0.779) was 
superior to that of the traditional Sequential Organ 
Failure Assessment, Acute Physiology Score III and Get 
With The Guidelines Heart Failure scores, indicating its 
discrimination power. Calibration plots demonstrated 
that the predicted results are in good agreement with the 
observed results. The decision curves of the derivation and 
validation sets both had net benefits.
Conclusion  The 20 independent risk factors for in-
hospital mortality of patients with CHF were age, race, 
norepinephrine, dopamine, phenylephrine, vasopressin, 
mechanical ventilation, intubation, HepF, heart rate, 
respiratory rate, temperature, SBP, AG, BUN, creatinine, 

chloride, MCV, RDW and WCC. The nomogram, which 
included these factors, accurately predicted the in-hospital 
mortality of patients with CHF. The novel nomogram has 
the potential for use in clinical practice as a tool to predict 
and assess mortality of patients with CHF in the ICU.

INTRODUCTION
Congestive heart failure (CHF) is a severe clin-
ical syndrome in which the cardiac structure 
and/or function are abnormal. Inadequate 
pumping or filling capacity of the ventricles, 
inability of the cardiac blood output to meet 
the body’s metabolic demands, hypoper-
fusion of tissues and organs, and concomi-
tant pulmonary and systemic congestion are 
common causes of CHF. Increased internal 
pressure causes typical symptoms such as 
dyspnoea and fatigue, and may also be 
accompanied by typical signs (eg, jugular vein 
distention, pulmonary rales and peripheral 
oedema).1 Heart failure can be classified into 
left heart failure, right heart failure or whole 
heart failure depending on its location. In 
addition, according to severity, heart failure 
can be divided into acute heart failure and 
chronic heart failure.2

STRENGTHS AND LIMITATIONS OF THIS STUDY
	⇒ Logistic regression analysis was used to select 
variables associated with in-hospital mortality of 
patients with congestive heart failure (CHF).

	⇒ The nomogram to predict mortality of patients with 
CHF in the intensive care unit was built based on the 
included risk factors.

	⇒ The application of the nomogram can provide clin-
ical decision-making opinions for clinicians to im-
prove the prognosis of inpatients with CHF.

	⇒ Discrimination, calibration and clinical validity of 
the nomogram were evaluated by AUC, calibration 
curve, Hosmer-Lemeshow χ2 test and decision 
curve analysis, respectively.
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CHF is not a separate disease but a complicated phenom-
enon that occurs after various other heart diseases develop 
to a more serious level, with relatively high morbidity and 
mortality. Patients are usually admitted to the intensive 
care unit (ICU) for treatment. In the USA, approximately 
10%–15% of hospitalised patients with heart failure are 
admitted to the ICU.3 4 Despite major breakthroughs in 
the diagnosis and treatment in recent years, mortality in 
heart failure remains high and the 5-year survival rate is 
similar to that of malignant tumours.5

There have been many predictive models for the prog-
nosis of patients with CHF, but due to various reasons these 
models have not been widely used in clinical practice.6–8 
The Get With The Guidelines Heart Failure (GWTGHF) 
risk score, previously proposed by Peterson et al,9 used 
commonly used clinical variables to predict in-hospital 
mortality and provided clinicians with a valid risk strati-
fication tool, but was proposed for a non-contemporary 
cohort,10 which may have limited its applicability to 
current practice. Traditional critical care scoring systems 
for patients in the ICU, including the Sequential Organ 
Failure Assessment (SOFA) and the Acute Physiology 
Score III (APSIII), are often not as accurate when applied 
to patients with CHF.

Due to the insufficiency of existing predictive models, 
a more simple, efficient and accurate clinical applica-
tion tool is needed to predict mortality of hospitalised 
patients with CHF. Therefore, we aimed to establish a 
more authoritative, efficient and easy-to-follow in-hospital 
mortality prediction model for patients with CHF based 
on the data of patients with CHF in a large critical illness 
database (Medical Information Mart for Intensive Care, 
MIMIC-IV). This will provide some reference for medical 
staff to improve the poor prognosis of patients with CHF 
in the process of clinical practice (in the process of clinical 
practice, it can provide certain guiding value for medical 
staff to improve the poor prognosis of CHF patients).

METHODS
Data source
MIMIC-IV is a single-centre, free-access database that 
contains data on more than 40 000 ICU patients covering 
the period from 2008 to 2019.11 Another intensive care 
database, the eICU Collaborative Research Database 
(eICU-CRD), was used to validate the findings. The 
eICU-CRD is a database of multiple, longitudinal, multi-
centre retrospective cohort studies of patients in 335 ICUs 
in the USA from 2014 to 2015.12 It includes demographic 
records, physiological indicators for bedside monitoring, 
diagnoses based on the International Classification of 
Disease-9 (ICD-9)code and other laboratory data.

Study population
In the MIMIC-IV database, the ICD-9 code for screening 
CHF is 4280. Similarly, the ICD-9 code for CHF was used 
to screen patients from the eICU-CRD. For patients 
with multiple ICU admissions, only data from the first 

admission were considered. Exclusion criteria were 
age <18 years and missing outcome data. After applying 
these criteria, the study included 15 983 and 14 428 
patients with CHF in the derivation cohort and in the 
validation cohort, respectively. The selection process is 
demonstrated in figure 1.

Data retrieval and outcomes
Based on previous studies, the demographic character-
istics included age, race, sex, severity score (SOFA and 
APSIII scores), comorbidities (eg, chronic obstructive 
pulmonary disease (COPD), diabetes, hepatic failure 
(HepF) and acute myocardial infarction (AMI)), drug 
information (norepinephrine, dopamine, epinephrine, 
phenylephrine and vasopressin), mechanical ventilation 
and intubation, and vital signs first recorded on ICU 
admission (heart rate, respiratory rate, systolic blood pres-
sure (SBP) and temperature). Laboratory test indexes on 
admission were also collected, including anion gap (AG), 
chloride, blood urea nitrogen (BUN), calcium, creati-
nine, potassium, sodium, mean corpuscular haemoglobin 
(MCH), mean corpuscular haemoglobin concentration 
(MCHC), mean corpuscular volume (MCV), platelet, 
haemoglobin, red blood cell distribution width (RDW), 
red blood cell (RBC) and white cell count (WCC). Demo-
graphic characteristics and vital signs in the first 24 hours 
after admission were recorded, and the results of the first 
measurement on admission were selected as laboratory 
examination indicators. To accurately compare data from 
the eICU-CRD for external validation, we attempted to 
extract the same variables as those from the MIMIC-IV.

The primary outcome was in-hospital mortality, which 
was defined based on survival status at discharge.

Statistical analyses
Continuous variables are expressed by mean±SD or 
median (IQR), and analysis was performed using Student’s 
t-test or Mann-Whitney U test. Categorical variables are 

Figure 1  Flow chart of patient selection. CHF, Congestive 
heart failure; eICU-CRD, eICU Collaborative Research 
Database; MIMIC-IV, Medical Information Mart for Intensive 
Care.
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Table 1  Baseline characteristics of patients with CHF on admission

Characteristics

Derivation cohort (MIMIC-IV) Validation cohort (eICU-CRD)

P valuen=15 983 n=14 428

Age, years 74 (64–83) 72 (62–81) <0.001

Gender (%) <0.001

 � Male 8733 (54.6) 7562 (52.4)

 � Female 7250 (45.4) 6866 (47.6)

Ethnicity (%) <0.001

 � White 11 056 (69.2) 10 806 (74.9)

 � Black 2124 (13.3) 2785 (19.3)

 � Other 2803 (17.5) 837 (5.8)

COPD (%) <0.001

 � No 6309 (39.5) 11 416 (79.1)

 � Yes 9674 (60.5) 3012 (20.9)

AMI (%)

 � No 10 926 (68.4) 14 178 (98.3) <0.001

 � Yes 5057 (31.6) 250 (1.7)

Diabetes (%)

 � No 8920 (55.8) 9896 (68.6) <0.001

 � Yes 7063 (44.2) 4532 (31.4)

HepF (%)

 � No 15 545 (97.3) 14 286 (99.0) <0.001

 � Yes 438 (2.7) 142 (1.0)

Norepinephrine (%)

 � No 12 095 (75.7) 13 724 (95.1) <0.001

 � Yes 3888 (24.3) 704 (4.9)

Dopamine (%)

 � No 15 504 (97.0) 14 355 (99.5) <0.001

 � Yes 479 (3.0) 73 (0.5)

Epinephrine (%)

 � No 15 245 (95.4) 14 344 (99.4) <0.001

 � Yes 738 (4.6) 84 (0.6)

Phenylephrine (%)

 � No 14 781 (92.5) 14 147 (98.1) <0.001

 � Yes 1202 (7.5) 281 (1.9)

Vent (%)

 � No 2275 (14.2) 6032 (41.8) <0.001

 � Yes 13 708 (85.8) 8396 (58.2)

Intubated (%)

 � No 11 232 (70.3) 12 393 (85.9) <0.001

 � Yes 4751 (7.5) 2035 (14.1)

SOFA 4 (1–5) 3 (5–8) <0.001

APSIII 48 (37–63) 44 (32–62) <0.001

Temperature, ℃ 36.7 (36.5–37.0) 36.4 (36.1–36.7) <0.001

Respiratory rate, breaths per 
minute

19.0 (17.0–22.0) 29.0 (13.0–36.0) <0.001

Heart rate, beats per minute 82.0 (73.0–94.0) 103.0 (85.0–120.0) <0.001

Continued
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presented as numbers (percentages), and comparisons 
were performed using χ2 test or Fisher’s exact test.

Univariate logistic regression analysis showed that 
all significant risk factors were entered into the multi-
variate logistic regression analysis. The nomogram was 
constructed based on the results of the multivariate 
logistic regression analysis. Calibration plots and the 
Hosmer-Lemeshow χ2 test are usually used to assess the 
degree of calibration of the model.13 The discriminative 
ability of a model is usually evaluated using the C-index 
or the Receiver Operating Characteristic (ROC) curve.14 
Decision curve analysis (DCA) assessed the clinical useful-
ness of the model.15 In addition, the prediction accuracy 
of the model was assessed by computing the net reclassi-
fication improvement (NRI) and the integrated discrimi-
nant improvement (IDI).16

SPSS software (V.21.0) and R software (V.4.0.1) were 
used for statistical analysis. P<0.05 was considered statis-
tically significant.

Patient and public involvement
Patients and the public were not directly involved in this 
study.

RESULTS
Baseline characteristics
We selected 15 983 patients with CHF based on the 
MIMIC-IV. For nomogram construction and external 
validation, 14 428 patients with CHF were selected from 
the multicentre eICU-CRD. The following characteristics 
were, respectively, recorded in the derivation and valida-
tion sets: median age of patients (74 years and 72 years), 
male (54.6.0% and 52.4%), white (69.2% and 74.9%), 
and had comorbidities of COPD (60.5% and 20.9%), 
AMI (31.6% and 1.7%), diabetes (44.2% and 31.4%) 
and HepF (2.7% and 1.0%). The proportion of patients 
who received mechanical ventilation and intubation in 
the derivation and validation sets was 85.8% and 7.5%, 
respectively. Overall in-hospital mortality was 12.4% and 
12.8% in the MIMIC-IV and eICU-CRD, respectively. The 
baseline data of the derivation and validation sets were 
similar. The baseline characteristics of the patients are 
shown in table 1.

Prognostic factors for in-hospital mortality
Prognostic factors significantly related to in-hospital 
mortality of patients with CHF were age, race, norepi-
nephrine, dopamine, epinephrine, phenylephrine, vaso-
pressin, mechanical ventilation, intubation, AMI, HepF, 
heart rate, respiratory rate, temperature, SBP, AG, BUN, 
creatinine, calcium, chloride, haemoglobin, potassium, 
MCHC, MCV, RDW, RBC and WCC. Multivariate logistic 

Characteristics

Derivation cohort (MIMIC-IV) Validation cohort (eICU-CRD)

P valuen=15 983 n=14 428

SBP, mm Hg 113.0 (104.0–126.0) 119.0 (101.0–139.0) <0.001

Chloride, mmol/L 103.0 (98.0–107.0) 101.0 (97.0–105.0) <0.001

AG 15.0 (12.0–17.0) 11.0 (8.0–14.0) <0.001

BUN, mg/dL 28.0 (18.0–46.0) 29.0 (19.0–46.0) 0.001

Creatinine, mg/dL 1.3 (0.9–2.1) 1.4 (1.0–2.2) <0.001

Potassium, mmol/L 4.2 (3.8–4.7) 4.1 (3.8–4.6) <0.001

Calcium, mg/dL 8.5 (8.0–8.9) 8.7 (8.2–9.1) <0.001

Sodium, mmol/L 139.0 (135.0–141.0) 138.0 (135.0–141.0) <0.001

Haemoglobin, g/dL 10.1 (8.6–11.6) 10.9 (9.4–12.7) <0.001

MCH, pg 29.8 (28.0–31.3) 29.5 (27.7–31.0) <0.001

MCHC, g/L 32.4 (31.2–33.5) 32.4 (31.4–33.3) 0.195

MCV, fL 91.0 (87.0–96.0) 90.8 (86.0–95.0) <0.001

RDW 15.3 (14.1–17.0) 15.7 (14.4–17.5) <0.001

WCC, ×109/L 10.3 (7.4–14.3) 9.9 (7.3–13.4) <0.001

Platelet, ×109/L 193.0 (143.0–255.0) 201.0 (150.0–261.0) <0.001

RBC, ×109/L 3.4 (2.9–4.0) 3.8 (3.2–4.3) <0.001

AG, anion gap; AMI, acute myocardial infarction; APSIII, Acute Physiology Score III; BUN, blood urea nitrogen; CHF, congestive heart 
failure; COPD, chronic obstructive pulmonary disease; eICU-CRD, eICU Collaborative Research Database; HepF, hepatic failure; MCH, 
mean corpuscular haemoglobin; MCHC, mean corpuscular haemoglobin concentration; MCV, mean corpuscular volume; MIMIC-IV, Medical 
Information Mart for Intensive Care; RBC, red blood cell; RDW, red blood cell distribution width; SBP, systolic blood pressure; SOFA, 
Sequential Organ Failure Assessment; WCC, white cell count.

Table 1  Continued
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Table 2  Logistic regression analysis for patients with CHF

Variables

Univariate analysis Multivariate analysis

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

Age 1.027 (1.023 to 1.031) <0.001 1.041 (1.036 to 1.046) <0.001

Gender, n (%)

 � Male Reference

 � Female 1.026 (0.934 to 1.128) 0.589

Race, n (%)

 � White Reference

 � Black 0.817 (0.701 to 0.951) 0.009 1.029 (0.854 to 1.236) 0.759

 � Other 1.325 (1.178 to 1.490) <0.001 1.310 (1.136 to 1.509) <0.001

COPD, n (%)

 � No Reference

 � Yes 0.996 (0.905 to 1.096) 0.933

AMI, n (%)

 � No Reference

 � Yes 1.242 (1.126 to 1.371) <0.001 1.097 (0.975 to 1.234) 0.123

Diabetes, n (%)

 � No Reference

 � Yes 0.958 (0.871 to 1.053) 0.372

HepF, n (%)

 � No Reference

 � Yes 2.599 (2.089 to 3.233) <0.001 2.321 (1.750 to 3.059) <0.001

Norepinephrine, n (%)

 � No Reference

 � Yes 6.572 (5.950 to 7.258) <0.001 2.075 (1.789 to 2.407) <0.001

Dopamine, n (%)

 � No Reference

 � Yes 8.569 (7.114 to 10.322) <0.001 2.178 (1.733 to 2.738) <0.001

Epinephrine, n (%)

 � No Reference

 � Yes 4.455 (3.802 to 5.219) <0.001 0.869 (0.696 to 1.083) 0.212

Phenylephrine, n (%)

 � No Reference

 � Yes 7.059 (6.223 to 8.008) <0.001 1.753 (1.475 to 2.083) <0.001

Vasopressin, n (%)

 � No Reference

 � Yes 10.976 (9.660 to 12.470) <0.001 3.123 (2.607 to 3.744) <0.001

Mechanical ventilation, n (%)

 � No Reference

 � Yes 2.915 (2.405 to 3.534) <0.001 1.606 (1.295 to 2.009) <0.001

Intubation, n (%)

 � No Reference

 � Yes 2.496 (2.268 to 2.746) <0.001 1.902 (1.671 to 2.164) <0.001

Heart rate, beats per minute 1.020 (1.017 to 1.023) <0.001 1.100 (1.006 to 1.014) <0.001

Respiratory rate, breaths per 
minute

1.113 (1.100 to 1.126) <0.001 1.091 (1.074 to 1.107) <0.001

Continued



6 Han D, et al. BMJ Open 2022;12:e059761. doi:10.1136/bmjopen-2021-059761

Open access�

regression analysis was then performed on these variables 
to control for confounding effects as much as possible. 
Finally, age, race, norepinephrine, dopamine, phenyl-
ephrine, vasopressin, mechanical ventilation, intubation, 
HepF, heart rate, respiratory rate, temperature, SBP, AG, 
BUN, creatinine, chloride, MCV, RDW and WCC were 
determined as the prognostic factors for patients with 
CHF. Detailed data are shown in table 2.

A nomogram for predicting in-hospital mortality
A novel nomogram (figure 2) was developed using multi-
variate logistic regression analysis. Higher total scores 
for all risk factors indicated higher risk of in-hospital 
mortality. The nomogram indicates that age is the factor 
with the most significant effect on prognosis, followed 
by respiratory rate, RDW, temperature, AG, BUN, WCC, 
SBP, MCV, heart rate, creatinine, vasopressin, chloride, 
dopamine, HepF, norepinephrine, intubation, phenyl-
ephrine, mechanical ventilation and race. SOFA, APSIII 
and GWTGHF scores were compared with our novel 
nomogram.

Performance of the nomogram
The C-index of the nomogram was 0.839 (95% CI 0.829 to 
0.848), indicating good discrimination ability. The ROC 
curves of the SOFA, APSIII and GWTGHF scores and the 
novel nomogram used to predict in-hospital mortality 
are presented in figure 3. The Area Under Curve (AUC) 
values indicated that our novel nomogram model is better 
than the SOFA, APSIII and GWTGHF score models.

The Hosmer-Lemeshow χ2 value of the novel nomo-
gram was 6.6 (p=0.677), showing no significant differ-
ence. The calibration curves showed good consistency 
between the predicted and actual probability (figure 4). 
The net benefit from the DCA curve of the novel nomo-
gram was greater than the SOFA, APSIII and GWTGHF 
scores in the derivation set (figure 5).

Variables

Univariate analysis Multivariate analysis

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

Temperature, ℃ 0.674 (0.618 to 0.736) <0.001 0.692 (0.626 to 0.765) <0.001

SBP, mm Hg 0.965 (0.962 to 0.969) <0.001 0.990 (0.986 to 0.994) <0.001

Chloride, mmol/L 0.985 (0.978 to 0.991) <0.001 0.988 (0.979 to 0.996) 0.005

AG 1.129 (1.118 to 1.140) <0.001 1.054 (1.039 to 1.070) <0.001

BUN, mg/dL 1.014 (1.013 to 1.016) <0.001 1.009 (1.006 to 1.011) <0.001

Creatinine, mg/dL 1.103 (1.079 to 1.127) <0.001 0.952 (0.910 to 0.995) 0.032

Calcium, mmol/L 0.825 (0.778 to 0.876) <0.001 0.956 (0.894 to 1.020) 0.177

Sodium, mmol/L 0.995 (0.986 to 1.004) 0.253

Potassium, mmol/L 1.255 (1.187 to 1.326) <0.001 1.014 (0.945 to 1.089) 0.694

Haemoglobin, g/dL 0.963 (0.942 to 0.984) 0.001 0.985 (0.792 to 1.229) 0.462

MCH, pg 1.005 (0.988 to 1.022) 0.566

MCHC, g/L 0.822 (0.800 to 0.844) <0.001 0.941 (0.870 to 1.018) 0.251

MCV, fL 1.034 (1.028 to 1.041) <0.001 1.034 (1.010 to 1.059) 0.005

RDW 1.178 (1.158 to 1.199) <0.001 1.128 (1.101 to 1.157) <0.001

WCC, ×109/L 1.030 (1.025 to 1.035) <0.001 1.007 (1.002 to 1.012) 0.008

Platelet, ×109/L 1.000 (0.999 to 1.000) 0.521

RBC, ×109/L 0.907 (0.852 to 0.966) 0.002 1.180 (0.615 to 2.238) 0.302

AG, anion gap; AMI, acute myocardial infarction; BUN, blood urea nitrogen; CHF, congestive heart failure; COPD, chronic obstructive 
pulmonary disease; HepF, hepatic failure; MCH, mean corpuscular haemoglobin; MCHC, mean corpuscular haemoglobin concentration; MCV, 
mean corpuscular volume; RBC, red blood cell; RDW, red blood cell distribution width; SBP, systolic blood pressure; WCC, white cell count.

Table 2  Continued

Figure 2  Nomogram for predicting in-hospital mortality 
in patients with congestive heart failure. AG, anion gap; 
BUN, blood urea nitrogen; HepF, hepatic failure; MCV, mean 
corpuscular volume; RDW, red blood cell distribution width; 
SBP, systolic blood pressure; WCC, white cell count.
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The novel nomogram model had an NRI and IDI of 
0.601 (95% CI 0.522 to 0.651) and 0.176 (95% CI 0.165 
to 0.187) in the derivation set (table 3). All values indi-
cate that the nomogram’s prediction performance repre-
sented considerable improvement.

External validation of the nomogram
This study also identified 14 428 eligible patients with 
CHF in the eICU-CRD. Applying the prediction nomo-
gram to this validation set indicated similar prediction 
effects, with a C-index of 0.767 (95% CI 0.756 to 0.779). 
The ROC curves for predicting in-hospital mortality are 
presented in figure 3. The AUC values indicated that our 

novel nomogram model has better predictive ability than 
the SOFA, APSIII and GWTGHF score models.

The Hosmer-Lemeshow χ2 value of the novel nomo-
gram was 12.1 (p=0.210), showing no significant differ-
ence. The calibration curves indicate that it is well 
calibrated for clinical application in the validation set 
(figure 4). Through data verification of eICU-CRD, the 
DCA also shows the high clinical application value of the 
nomogram (figure 5). The NRI and IDI of the validation 
set are presented in table 3.

DISCUSSION
CHF is the final manifestation of various cardiovascular 
diseases. The structure or function of the myocardium 
becomes dysfunctional, leading to restricted ventricular 
ejection or filling. With acute exacerbation or progres-
sion of the disease, insufficient tissue and organ perfu-
sion results and ultimately leads to death.17 The disease 
has a relatively rapid onset and affected patients are in 
a relatively serious condition. Although some scoring 
systems and models for prognostic research or risk factor 
analysis of ICU patients are available, there is none specif-
ically for the prognosis of patients with CHF. We therefore 
planned to establish a more comprehensive and accurate 
prognostic nomogram for patients with CHF in the ICU.

A nomogram is an effective tool for risk assessment.18 19 
It provides a simple graphical representation for complex 
statistical prediction models, and is also suitable for 
prognostic analysis of individual patients.20 The present 
multivariate logistic regression indicated that age, race, 
norepinephrine, dopamine, phenylephrine, vasopressin, 
mechanical ventilation, intubation, HepF, heart rate, 
respiratory rate, temperature, SBP, AG, BUN, creatinine, 
chloride, MCV, RDW and WCC are prognostic factors for 
survival of patients with CHF. The main advantages of the 
novel nomogram are its simplicity, efficiency and accu-
racy of application. The nomogram uses 20 clinical vari-
ables that are easy to obtain and do not require complex 
calculations, making it easy for clinicians to use.

Glasgow Coma Scale (GCS) and APSIII scores are 
commonly used severity scores for ICU patients, and 
patients with CHF in the ICU tend to be more severe. The 
GCS score is used to determine the state of consciousness 
of patients with CHF,21 and the SOFA and APSIII scores 
determine the physiological state of patients in the ICU.22 
The GWTGHF risk score is a well-validated and widely 
accepted heart failure scoring system that is commonly 
used to risk-stratify in-hospital mortality.23–25 This predic-
tive model was validated in our research group and 
compared with the model we developed. The perfor-
mance of our nomogram is superior to other scores.

Several variables have been indicated to be associated 
with mortality in patients with heart failure, such as age, 
gender, body mass index, diabetes, COPD, low SBP and 
creatinine.26 The study showed that heart rate, respiratory 
rate, temperature, SBP, AG, BUN, creatinine, chloride, 

Figure 3  ROC curves of the SOFA, APSIII, GWTGHF scores 
and the nomogram in the derivation set (A) and the validation 
set (B). APSIII, Acute Physiology Score III; AUC, Area Under 
Curve; GWTGHF, Get With The Guidelines Heart Failure; 
ROC, Receiver Operating Characteristic; SOFA, Sequential 
Organ Failure Assessment.
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MCV, RDW and WCC were predictors of in-hospital 
mortality.

The number of elderly patients admitted to the ICU 
has increased rapidly in recent years. The median age of 
ICU patients in many Western countries has increased 
to over 65 years.27 Age is often considered an important 
indicator of prognosis of diseases. Many recognised 
prediction models have used age to predict the severity 
or mortality of CHF.28 29 Similarly, our results also indicate 
that age is a risk factor for patients with CHF, which may 
be due to older patients having more comorbidities and 
poor response to treatment. In addition, our finding that 
non-African American ethnicity has an increased CHF 
mortality risk is consistent with previous research.30

Clinically, patients with CHF are treated with cardiac 
strengthening, diuresis, oxygen and other treatment 
measures. Although these treatment methods can achieve 
certain effects, for patients with relatively rapid disease 
development, ventilation function cannot be improved 
and ultimately the treatment effect will be reduced. Our 
study shows that use of catecholamines is associated with 
an increased risk of poor outcome in patients with CHF, 
which is similar to previous studies.31–33 In addition, our 
study also demonstrated mechanical ventilation and intu-
bation increased the risk of in-hospital death of patients 
with CHF. This is consistent with previous research.10 
The reason may be that early mechanical ventilation has 
a significant inhibitory effect on cardiac function and 

Figure 4  Calibration curves of the SOFA, APSIII, GWTGHF scores and the nomogram in the derivation set (A–D) and the 
validation set (E–H). APSIII, Acute Physiology Score III; GWTGHF, Get With The Guidelines Heart Failure; SOFA, Sequential 
Organ Failure Assessment.



9Han D, et al. BMJ Open 2022;12:e059761. doi:10.1136/bmjopen-2021-059761

Open access

may induce AMI or further enlarge the infarction area, 
resulting in poor prognosis.

Previous studies have also found high respiratory rate 
to be related to poor heart failure prognosis.4 Our results 
similarly indicated that increased respiratory rate was a 
risk factor for increased in-hospital mortality. Changes 
in body temperature and WCC reflect the body’s inflam-
matory status, and values that are abnormal may be risk 
factors for poor prognoses. Our study indicated that 
lower body temperature, elevated WCC, higher AG and 
elevated MCV increased the risk of mortality of patients 
with CHF, which is consistent with the findings of previous 
studies.34 35 RDW is a parameter that reflects the heteroge-
neity of RBC volume and is expressed by the coefficient of 
variation of RBC volume.36 Results from a previous study 
showed that higher RDW was an independent predictor 
of poor prognosis,37 which is similar to our findings.

An ideal clinical prognostic model should be reliable 
and easy to use. For example, some clinically accessible, 
reliable and non-invasive clinical and laboratory indi-
cators are usually used to construct prognostic models. 
Moreover, the performance of novel nomogram was 
superior to GWTGHF and other severity scores.

Most previous studies on the risk and prognostic 
factors for CHF have been limited by their relatively small 
samples.38 This study is therefore the first that we know 
of to have simultaneously analysed patients with CHF in 
MIMIC-IV and eICU-CRD and to obtain a large sample 
to develop a prognostic nomogram. This retrospective 
clinical study involved multiple research centres, and the 
results provide significant reference information to guide 
clinical practice.

Inevitably, this study also had some limitations. First, 
the retrospective research design may reduce the validity 
of our findings, which could be validated in future 
prospective case–control studies. Second, although as 
many confounders as possible were adjusted for some 
covariates, residual confounders could not be completely 

Figure 5  Decision curve analysis of the SOFA, APSIII, 
GWTGHF scores and the nomogram in the derivation set (A) 
and the validation set (B). APSIII, Acute Physiology Score 
III; GWTGHF, Get With The Guidelines Heart Failure; SOFA, 
Sequential Organ Failure Assessment.

Table 3  Validation of the nomogram

Variables Derivation set Validation set

NRI (95% CI)

SOFA and nomogram 0.539 (0.478 to 0.618) 0.267 (0.036 to 0.212)

GWTGHF and nomogram 0.601 (0.552 to 0.651) 0.380 (0.321 to 0.418)

APSIII and nomogram 0.142 (0.085 to 0.215) 0.429 (0.387 to 0.498)

IDI (95% CI）
SOFA and nomogram 0.142 (0.131 to 0.153) 0.055 (0.046 to 0.063)

GWTGHF and nomogram 0.176 (0.165 to 0.187) 0.078 (0.070 to 0.086)

APSIII and nomogram 0.032 (0.019 to 0.045) 0.075 (0.068 to 0.081)

APSIII, Acute Physiology Score III; GWTGHF, Get With The Guidelines Heart Failure; IDI, integrated discrimination improvement; NRI, net 
reclassification improvement; SOFA, Sequential Organ Failure Assessment.
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removed and some key comorbidity data were missing 
from the data set, and the relationships between certain 
variables (ie, temperature and WCC) and the outcome 
were treated as linear when they were likely to be bimodal. 
Third, MIMIC-IV and eICU-CRD contain data from 2008 
to 2019 and from 2014 to 2015, respectively. The sample 
is old and some characteristics of the disease may have 
changed over time, which may affect our findings. Finally, 
due to the limitations of public databases, many other 
variables that may affect the model and its results, such 
as smoking and alcohol consumption, and detailed infor-
mation on patient treatment and medication were not 
collected.

CONCLUSION
We have determined that the important risk factors for 
in-hospital mortality of patients with CHF are age, race, 
norepinephrine, dopamine, phenylephrine, vasopressin, 
mechanical ventilation, intubation, HepF, heart rate, 
respiratory rate, temperature, SBP, AG, BUN, creatinine, 
chloride, MCV, RDW and WCC. We developed and vali-
dated a prognostic nomogram for CHF that is highly accu-
rate. The nomogram constructed in this study provides a 
method and choice for evaluation of the survival prog-
nosis of patients with CHF in the ICU, and may become 
an auxiliary predictive tool for use in clinical practice 
to predict and evaluate patients and understand their 
in-hospital survival status.
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