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Background: Various risk scores exist for predicting in-hospital mortality in patients with heart failure
(HF), including the Organized Program to Initiate Lifesaving Treatment in Hospitalized Patients with
Heart Failure (OPTIMIZE-HF) risk model. However, the relations between these risk scores and length of
in-hospital stay (LOS) in patients with acute decompensated heart failure (ADHF) has not received much
attention. We aim to explore the relationship between the adjusted-OPTIMIZE-HF risk model and LOS in
the Chinese population.

Methods: This was a single-center, retrospective study that enrolled a total of 4,481 patients with ADHE.
We investigated the relation between a wide range of patient variables present at hospital admission,
including those that comprise the adjusted-OPTIMIZE-HF risk model and LOS (primary outcome). We
divided patients into a short LOS (n=2,177, LOS <6 days) and a long LOS (n=2,304, LOS >6 days) group.
We then explored the relations between the adjusted-OPTIMIZE-HF risk score and LOS using logistic
regression, receiver operating characteristic (ROC) curves, and subgroup analyses.

Results: A total of 4,481 people [61.6% male, median age 71 years (interquartile range, 16 years)] were
included in this study. In univariate regression analyses, numerous variables were significantly different
between the long and short LOS groups. Multivariate logistic regression showed that the adjusted-
OPTIMIZE-HF risk score had a significant predictive ability for LOS (OR 1.248, 95% CI: 1.094-1.424),
P=0.001). The results of the ROC curve analysis [area under the curve (AUC) 0.583, 95% CI: 0.567-0.600]
demonstrated the potential value of the risk score for predicting LOS. Finally, subgroup analyses showed
that the risk score was not only predictive of LOS in the overall population, but also in subgroups of patients
defined by gender, history of smoking, history of drinking, presence of hypertension, and diabetes.
Conclusions: The adjusted-OPTIMIZE-HF risk model performed well in predicting LOS greater than
6 days in the Chinese patients with ADHEF. Moreover, the model proved to be stable across subgroup

analyses.
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Introduction

Heart failure (HF) is the end status of many cardiovascular
diseases. Because of its high rate of hospitalization and
poor prognosis, its association with in-hospital mortality is
relatively high, especially in some developed countries (1).
For this reason, many models have been developed to
predict in-hospital mortality in patients with HF in recent
years (2-6), including the Organized Program to Initiate
Lifesaving Treatment in Hospitalized Patients with Heart
Failure (OPTIMIZE-HF) risk model. The OPTIMIZE-
HF risk model was first proposed by Abraham et 4/. in
2008 (7). It was developed within a clinical population of
American HF patients. It consisted of seven indicators
including blood creatinine levels, systolic blood pressure,
age, heart rate, sodium, primary cause of hospital admission
(HF wvs. other), and left ventricular ejection fraction (LVEE,
<40% wvs. >240%). In 2019, Yap et al. used the same variables
to optimize the model for an Asian population (8). The
validity of the adjusted-OPTIMIZE-HF risk model (whose
indicators now included age, heart rate, systolic blood
pressure, sodium, blood creatinine levels, LVEF <40% uvs.
>40%) was verified by the study.

Although this adjusted-OPTIMIZE-HF risk model
was very effective in predicting the in-hospital mortality
of Asian patients with HF, its ability to predict this
population’s length of in-hospital stay (LOS) is unknown.
As one of the indicators closely related to HE, LOS is an
important outcome for both doctors and patients. The
ability to predict patients’” LOS will not only help stratify
patients, but also assist with resource allocation. Therefore,
this study aimed to explore the association between the
adjusted-OPTIMIZE-HF risk model and LOS in Asian
patients with acute decompensated heart failure (ADHF).
We present the following article in accordance with the
STROBE reporting checklist (available at http://dx.doi.
org/10.21037/apm-20-1209).

Methods
Study design and population

This was a single-center (Sir Run Run Shaw Hospital,
Hangzhou, Zhejiang Province, China), retrospective study
of 4,481 consecutive patients with ADHF admitted to
the study hospital between 2010 and 2019. We included
patients with a confirmed diagnosis of ADHF (classified
in accordance with the criteria put forth by the European
Society of Cardiology, ESC) that was available in the
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hospital electronic system. According to the ESC criteria,
an ADHF diagnosis should be based upon a thorough
medical history that includes assessment of symptoms, prior
cardiovascular history, and potential cardiac and non-cardiac
precipitants, as well as a physical examination that evaluates
signs/symptoms of congestion and/or hypo-perfusion.
Symptoms should be further confirmed by appropriate
additional investigations such as an electrocardiogram
(ECGQG), chest X-ray, laboratory assessment (of specific
biomarkers) and echocardiography. We excluded patients
with recurrent admissions for ADHEFE. Study protocols were
in accordance with the Declaration of Helsinki (as revised
in 2013) and all participants provided written informed
consent. This study was approved by the Institutional
Ethics Research Committee of Sir Run Run Shaw Hospital
(No. 20200803-34).

Outcomes

The primary outcome was the LOS. It was calculated by
subtracting the discharge date from the admission date.
This inpatient time-period excluded individuals that died
in-hospital (from any cause).

Statistical methods

We described categorical variables using percentages and
used the chi-square test to test for differences between
groups. We described continuous variables using medians
(first quartile, third quartile) due to their non-normal
distribution (as assessed by the Kolmogorov-Smirnov
test) (Figure S1). In addition, we performed univariate
and multivariate logistic regression analyses to determine
the relations between our variables of interest and LOS
as well as in subgroup analysis. Variables were included in
the multivariate logistic regression if P<0.1 in univariate
logistic regressions. The optimal cut-off levels and the area
under the curve (AUC) were calculated by receiver operator
characteristic (ROC) curve analyses in the overall study
population as well as subgroups defined by gender, history
of smoking, history of drinking, presence of hypertension,
and diabetes. We considered P<0.05 to be statistically
significant and conducted analyses using Statistical Package
for the Social Sciences (SPSS) for Windows (version 26,
SPSS Inc., Chicago, IL, USA).

Results

A total of 4,481 patients with ADHF [61.6% male, median
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age 71 years (range, 62-78 years)] were included in our
study. We divided them into two groups according to
median LOS—the short LOS group (n=2,177, LOS <6 days)
and the long LOS group (n=2,304, LOS >6 days). The
median OPTIMIZE-HF risk score in the overall population
was 1.20 (range, 0.75-1.92). Table 1 presents participants’
demographic data.

We divided the demographic variables in 7able 1 into
seven categories: common information, cause of HF,
medical history, pre-hospital medication, routine blood
examinations, cardiac function index, clinical assessment,
therapies, and OPTIMIZE-HE. Comparisons between the
short LOS and the long LOS groups showed statistical
differences across all variables with the exception of gender,
diastolic pressure, HF caused by valvular heart diseases,
other causes of HF, antilipidemic drugs, antiplatelet drugs,
and diuretics.

Univariate and multivariate logistic regressions further
assessed the relations between these demographic variables
and LOS. Table 2 presents the results of these logistic
regression analyses. In univariate logistic regression
analyses, all but eight variables (i.e., gender, diastolic blood
pressure, HF caused by valvular heart diseases, other causes
of HEF, diabetes, antilipidemic drugs, antiplatelet drugs,
and diuretics) were significantly associated with LOS.
Similarly, no significant differences were present between
the short LOS and long LOS groups across these eight
variables at baseline. Variables with a P<0.1 in univariate
regression analyses were included in the multivariate
logistic regression analysis. The results showed that heart
rate, creatinine, sodium, N'T-proBNP, EF, inotrope and
non-invasive ventilation were independently associated with
LOS (P<0.05).

Figure 1 presents a direct comparison of the risk scores
of the short LOS group (median score 1.08) and long
LOS group (median score 1.33). This difference in risk
scores was statistically significant (P<0.001). In order to
further explore the relation between the risk score and
LOS, variables with a P<0.1 (including the risk score) were
selected for multivariate regression. Since the risk score is
calculated using six variables (i.e., age, heart rate, systolic
blood pressure, sodium, creatinine and LVEF <40%), we
excluded these variables from the multivariate regression
even if they were significant at P<0.01 in univariate
regressions. The results are presented in 7able 3 (OR 1.248,
95% CI: 1.094-1.424, P=0.001).

We performed a ROC curve analysis to assess the
predictive ability of risk scores. We calculated the AUC
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(AUC 0.583, 95% CI: 0.567-0.600, P<0.001) and used
Youden’s index to determine the optimal cut-off value (cut-
off value 1.32, sensitivity 0.507, specificity 0.626). Figure 2
displays these results. Table 4 presents the AUC results
which showed that the risk score in all subgroups performed
well in predicting LOS. Tuble 5 displays the relations
between the risk score and LOS in specific subgroups (i.e.,
gender, smoking history, drinking history, presence of
diabetes, and presence of hypertension).

Discussion

Our study’s main findings were that the adjusted-
OPTIMIZE-HF risk model had the potential to predict
LOS in patients with ADHF and had stable predictive
ability in certain subgroups. In multivariate analyses, we
found that heart rate, creatinine, sodium, N'T-proBNP, EF,
inotrope and non-invasive ventilation were independent
predictors of LOS. Some of these results (i.e., sodium, heart
rate, N'T-proBNP, and creatinine) have also been reported
in other studies (9-12). Generally speaking, lower sodium
may prolong LOS because of the dilution hyponatremia
caused by the decrease of water excretion in the kidney.
An elevated heart rate negatively impacts the myocardium,
which makes HF worse. Since NT-proBNP levels are used
to diagnose the severity of HE, as well as its prognosis, it
is not surprising that patients with higher NT-proBNP
levels had longer LOS. Creatinine, as a biomarker, has a
negative association with renal function. In the one hand,
renal dysfunction is at a high risk in ADHF patients due
to the hemodynamic, venous congestion, the use of drugs
like diuretics and so on (13), in the other hand, the reduced
urine output may worsen the decreased cardiac output
and cause a longer LOS. Although the use of inotropes
can improve the symptoms of patients with critical HF,
studies have demonstrated that it has adverse reactions (14).
Non-invasive ventilation may be associated with longer
LOS because patients who need non-invasive ventilation,
generally speaking, are at a critical state in their illness.
Thus, although non-invasive ventilation has been shown
to reduce LOS (15), these patients may still have a longer
LOS than those in earlier stages of the illness. As for EF, to
some extent, it is negatively related to the severity of HF
and is indirectly related to LOS. In addition to the variables
we found to be independently associated with LOS, studies
have also found independent relations between LOS
and other variables as well. For example, Massari et al.
demonstrated the role of congestion in predicting LOS in
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Table 1 Baseline characteristics by length of stay group
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Categories Variables Short LOS (n=2,177) Long LOS (n=2,304) P
Common information Gender (male), % 62.6 60.7 0.174
Age, years 70 [62, 76] 71 [63, 80] <0.001
BMI, kg/m2 24.03 [21.94, 26.37] 23.71[21.48, 26.03] 0.002
SYB, mmHg 126 [112, 142] 124 [109, 142] 0.009
DBP, mmHg 73 [65, 82] 73 [63, 83] 0.212
HR, bpm 78 [68, 89] 81 [70, 96] <0.001
Cause of heart failure Primary, % 46.3 52.3 <0.001
Ischemic, % 46.5 38.7 <0.001
Valvular, % 4.2 4.1 0.864
Others, % 10 11.5 0.107
Medical history Hyper (yes), % 62.3 58.4 0.009
DM (yes), % 20.2 22.6 0.06
P-CVD (yes), % 8.7 12,5 <0.001
Smoking (yes), % 35.6 32.7 0.048
Drinking (yes), % 28.3 24.5 0.004
Pre-hospital medicine Anti-hyper, % 91.8 86.5 <0.001
Anti-Plt, % 85.8 84.6 0.459
Anti-lipid, % 93.7 93 0.506
Diuretics, % 26.9 27.9 0.478
Blood routine examinations CR, mg/dL 0.94 [0.78, 1.14] 1.00 [0.80, 1.28] <0.001
Sodium, mmol/L 140 [139, 142] 140 [138, 142] <0.001
Cardiac function indicators NT proBNP, x10° pg/mL 1.983 [1.177, 3.341] 2.825[1.63, 5.132] <0.001
EF, % 58 [45, 65.1] 53 [40, 62.6] <0.001
HFrEF, % 15.7 23.7 <0.001
HFmrEF, % 17 18.9 0.101
HFpEF, % 67.3 57.5 <0.001
Therapies ARNI, % 0.6 0.8 0.457
ARB, % 30.3 28 0.094
ACEI, % 25.6 32.1 <0.001
PM, % 3.9 9.4 <0.001
ICD, % 2.4 4.5 <0.001
Inotrope, % 1.4 8 <0.001
Non-invasive ventilation, % 0.1 2.4 <0.001

Table 1 (continued)
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Table 1 (continued)
Categories Variables Short LOS (n=2,177) Long LOS (n=2,304) P
Clinical assessment Congestion, % 22.6 255 0.025
Model score Score 1.08 [0.69, 1.68] 1.33[0.84, 2.18] <0.001

P value: Mann-Whitney U test was used for continuous variables and chi-square test was used for categorical variables, <0.05 means
significant statistically. LOS, length of stay; BMI, body mass index; SBP, Systolic blood pressure; eeDBP, diastolic blood pressure; HR,
heart rate; Hyper, hypertension; DM, diabetes mellitus; P-CVD, past history of cerebral-or-cardiovascular diseases; anti-Hyper, anti-
hypertension medicine (calcium channel blockers OR angiotensin-converting enzyme inhibitors OR angiotensin receptor blockers OR
beta-blockers); anti-Plt, anti-platelet medicine (ticagrelor OR aspirin OR clopidogrel); anti-lipid, anti-lipid medicine (statins OR ezetimibe);
diuretics, spironolactone OR furosemide OR hydrochlorothiazide; CR, creatinine; EF, ejection fraction; HFrEF, heart failure with reduced
ejection fraction; HFmrEF, heart failure with midrange ejection fraction; HFpEF, heart failure with preserved ejection fraction; ARNI,
angiotensin receptor-neurolysin inhibitor; ARB, angiotensin receptor blocker; ACEI, angiotensin-converting enzyme inhibitor; PM,
pacemaker; ICD, implantable cardioverter defibrillator.

Table 2 Logistic regression results between variables and length of stay

Univariate logistic regression

Multivariate logistic regression

Categories Variables
Exp(B) P Exp(B) P
Common information Gender (male), % 0.92 0.174 - -
Age, years 1.009 <0.001 1 0.962
BMI, kg/m2 0.966 0.001 0.99 0.609
SBP, mmHg 0.997 0.017 0.998 0.481
DBP, mmHg 0.999 0.599 - -
HR, bpm 1.013 <0.001 1.016 <0.001
Cause of heart failure Primary 1.272 <0.001 1.114 0.683
Ischemic 0.725 <0.001 0.839 0.461
Valvular 0.975 0.864 - -
Others 1.169 0.107 - -
Medical history Hyper (yes), % 0.849 0.009 0.895 0.421
DM (yes), % 1.149 0.06 1.007 0.958
P-CVD (yes), % 1.496 <0.001 1.353 0.118
Smoking (yes), % 0.882 0.048 1.138 0.363
Drinking (yes), % 0.82 0.004 0.784 0.112
Pre-hospital medicine Anti-hyper, % 0.573 <0.001 0.707 0.074
Anti-Plt, % 0.913 0.459 - -
Anti-lipid, % 0.89 0.506 - -
Diuretics, % 1.049 0.478 - -
Blood routine examinations CR, mg/dL 1.509 <0.001 1.563 0.001
Sodium, mmol/L 0.953 <0.001 0.94 0.006

Table 2 (continued)
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Table 2 (continued)
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Univariate logistic regression Multivariate logistic regression

Categories Variables
Exp(B) P Exp(B) P
Heart function indicators NT-proBNP, ><103pg/mL 1.141 <0.001 1.085 0.002
EF, % 0.981 <0.001 0.989 0.024
Clinical assessment Congestion, % 1.17 0.025 1.092 0.492
Therapies Inotrope, % 6.211 <0.001 4.749 0.001
Non-invasive ventilation, % 18.052 <0.001 20.37 0.004

P value <0.05 means significant statistically, attributes with P<0.1 in univariate results would be selected in multivariate regression. LOS,
length of stay; BMI, body mass index; SBP, Systolic blood pressure; eeDBP, diastolic blood pressure; HR, heart rate; Hyper, hypertension;
DM, diabetes mellitus; P-CVD, past history of cerebral-or-cardiovascular diseases; anti-Hyper, anti-hypertension medicine (calcium
channel blockers OR angiotensin-converting enzyme inhibitors OR angiotensin receptor blockers OR beta-blockers); anti-Plt, anti-
platelet medicine (ticagrelor OR aspirin OR clopidogrel); anti-lipid, anti-lipid medicine (statins OR ezetimibe); diuretics, spironolactone
OR furosemide OR hydrochlorothiazide; CR, creatinine; EF, ejection fraction; HFrEF, heart failure with reduced ejection fraction; HFmrEF,
heart failure with midrange ejection fraction; HFpEF, heart failure with preserved ejection fraction; ARNI, angiotensin receptor-neurolysin
inhibitor; ARB, angiotensin receptor blocker; ACEI, angiotensin-converting enzyme inhibitor; PM, pacemaker; ICD, implantable cardioverter

defibrillator.
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Figure 1 Comparison of adjusted-OPTIMIZE-HF risk score
between the short LOS group and the long LOS group. *, P<0.05.
LOS, length of in-hospital stay.

HF patients (16). This variable was also investigated in our
research, though it was not significant in our multivariable
regression. Furthermore, Wright ez 4/. found that weight

changes, duration of diuretic use, impairment of renal
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function, social problems, and respiratory complications
affected LOS in patients with HF (17) while Sahin ez 4/. (18)
found that anemia, severe mitral regurgitation, systolic
blood pressure, and urea nitrogen were also independent
predictors of LOS. Finally, studies have reported that
albumin and troponin levels may also predict LOS in HF
patients (19,20). In conclusion, future research should
consider including these variables if available. This future
work has the potential to contribute to the development of
a new predictive model of LOS in HF patients.

Many predictive models have been proposed in the past
which are relevant to LOS, including the artificial neural
network (ANN) model, intensive care delivery screening
checklist (ICDSC) score, and Braden Score (21-23).
However, limitations exist within these models. The ANN
model was found to have low accuracy and the inability to
predict longer LOS (21). For the ICDSC score, the sample
size was too small and the relations between the score
and LOS still need to be verified (22). Finally, the Braden
Score might not be generalizable because it was developed
through a single-center-study (23). A predictive risk
model that is widely used in the assessment of LOS is still
relatively lacking (in terms of, for example, considerations
related to accuracy, specificity, and applicability), so it is
important to develop a model with improved predictive
ability. The OPTIMIZE-HF risk model used in this study
was first proposed in 2008 and shown to be able to predict
the in-hospital mortality of patients with HE. Later, it was
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Table 3 Logistic regression results between variables (including score) and length of stay

Univariate logistic regression Multivariate logistic regression
Categories Variables
Exp(B) P Exp(B) P
Common information Gender (male), % 0.92 0.174 - -
Age, years 1.009 <0.001 - -
BMI, kg/m2 0.966 0.001 1.008 0.67
SBP, mmHg 0.997 0.017 - -
DBP, mmHg 0.999 0.599 - -
HR, bpm 1.013 <0.001 - -
Cause of heart failure Primary 1.272 <0.001 0.748 0.209
Ischemic 0.725 <0.001 0.981 0.94
Valvular 0.975 0.864 - -
others 1.169 0.107 - -
Medical history Hyper (yes), % 0.849 0.009 0.883 0.339
DM (yes), % 1.149 0.06 1.13 0.361
P-CVD (yes), % 1.496 <0.001 1.307 0.158
Smoking (yes), % 0.882 0.048 1.228 0.138
Drinking (yes), % 0.82 0.004 0.806 0.153
Pre-hospital medicine Anti-hyper, % 0.573 <0.001 0.755 0.145
Anti-Plt, % 0.89 0.506 - -
Anti-lipid, % 0.913 0.459 - -
Diuretics, % 1.049 0.478 - -
Blood routine examinations CR, mg/dL 1.509 <0.001 - -
Sodium, mmol/L 0.953 <0.001 - -
Heart function indicators NT-proBNP, pg/mL 1.141 <0.001 1.127 <0.001
EF, % 0.981 <0.001 - -
Clinical assessment Congestion, % 1.17 0.025 1.096 0.463
Therapies Inotrope, % 6.211 <0.001 5.81 <0.001
Non-invasive ventilation, % 18.052 <0.001 23.701 0.002
Model score Score 1.028 0.001 1.248 0.001

P value <0.05 means significant statistically, attributes with P<0.1 in univariate results would be selected in multivariate regression. Age,
heart rate, systolic blood pressure, sodium, creatinine and left ventricular ejection fraction are included in the Score. LOS, length of stay;
BMI, body mass index; SBP, Systolic blood pressure; eeDBP, diastolic blood pressure; HR, heart rate; Hyper, hypertension; DM, diabetes
mellitus; P-CVD, past history of cerebral-or-cardiovascular diseases; anti-Hyper, anti-hypertension medicine (calcium channel blockers
OR angiotensin-converting enzyme inhibitors OR angiotensin receptor blockers OR beta-blockers); anti-Plt, anti-platelet medicine
(ticagrelor OR aspirin OR clopidogrel); anti-lipid, anti-lipid medicine (statins OR ezetimibe); diuretics, spironolactone OR furosemide OR
hydrochlorothiazide; CR, creatinine; EF, ejection fraction; HFrEF, heart failure with reduced ejection fraction; HFmrEF, heart failure with
midrange ejection fraction; HFpEF, heart failure with preserved ejection fraction; ARNI, angiotensin receptor-neurolysin inhibitor; ARB,
angiotensin receptor blocker; ACEI, angiotensin-converting enzyme inhibitor; PM, pacemaker; ICD, implantable cardioverter defibrillator.
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Figure 2 Receiver operating characteristic curve for adjusted-
OPTIMIZE-HF risk score in predicting the LOS in patients
with HE

Table 4 Optimal cut-off value at Youden’s index in the study group

Variables Optimal cut-off ~ Sensitivity, % Specificity, %

Score 1.32 50.7 62.6

also confirmed to have good predictive ability for other
indicators. For instance, Nguyen et 2. demonstrated that
the model could help determine the best candidate for heart
transplantation (24). The model was also shown to have
good predictive ability for one-year mortality (with the
exception of in-hospital mortality) in patients in a cardiac
intensive care unit (25). To our knowledge, ours is the first
study to explore the relations between the OPTIMIZE-HF
risk model and LOS in patients with ADHE.

Our study established the potential of the adjusted-
OPTIMIZE-HF risk model to predict LOS in patients
with ADHEF. Yap er 4l.’s study found that the adjusted-
OPTIMIZE-HF risk model performed well in predicting
in-hospital mortality in 15,219 Singaporeans. Their
adjusted-OPTIMIZE-HF model had a C-statistic of 0.741.
Since the initial purpose of their model was to predict
the in-hospital mortality of patients with HF, and the in-

© Annals of Palliative Medicine. All rights reserved.
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hospital mortality reflected the severity of HE, we expected
there to be relations between the model and one predicting
LOS since patients with more advanced stages of HF
usually have longer LOS. This was also indicated by the six
variables in the model, which were all closely related to the
severity of HE. Therefore, it was reasonable to predict LOS
through their use. Any deviations in predictive ability may
be due to the fact that some patients with a higher severity
of HF died earlier during hospitalization, which meant
their LOS was shorter and undermined the strength of the
relation between severity of HF and LOS.

ROC curve analyses determined that our model’s
predictive accuracy was unaffected by subgroup analyses,
which reflects the stability of the predictive model and its
applicability to the general HF population as well as specific
subgroups within it. A possible explanation for its stability
across groups is that the model was established and/or
adjusted within a wide range of populations.

Studies by Formiga et al. (26) and Zaprutko et al. (27)
confirmed that the New York Heart Association (NYHA)
classification of patients with HF was independently related
to LOS, and it was included in many risk models used to
predict patient mortality. This variable was not included
in our study because it was unavailable in our dataset.
Thus, further research could explore the influence of this
variable in an adjusted-OPTIMIZE-HF model. Secondly,
although the adjusted-OPTIMIZE-HF model used in
this study was recalibrated for use in the Asian population,
the cohort in Yap et l’s study was primarily composed of
Singaporeans. No validation studies have been performed
in a Chinese cohort. Thus, subsequent studies should
consider readjusting the model based on Chinese data and
then investigating whether the adjusted model’s ability to
predict the LOS in HF patients remains the same or even
improves. Finally, the results of the ROC curve analysis
show that there is still room for improvement in the model’s
predictive abilities.

Several limitations exist within our study that warrant
mentioning. First, our study was a single-center,
retrospective observational study. Although we used
multivariate logistic regression to adjust for variables, we
could not avoid all sources of bias and confounding due
to our study’s retrospective nature. Secondly, we were
unable to include the NYHA classification as a variable in
our study. Previous studies reported a positive association
between this variable and the LOS of patients with HF so
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Table 5 Optimal cut-off value at Youden’s index in the subgroups

Subgroup Optimal cut-off Sensitivity, % Specificity, % AUC (95% ClI) P
Men 1.30 53.0 59.5 0.573 (0.552-0.594) <0.001
Women 1.34 48.0 68.2 0.603 (0.576-0.630) <0.001
Smoking 1.44 46.0 67.1 0.563 (0.534-0.592) <0.001
No smoking 0.89 73.7 40.4 0.592 (0.572-0.613) <0.001
Drinking 1.47 41.8 69.8 0.551 (0.517-0.584) 0.003
No drinking 1.33 51.3 63.5 0.593 (0.573-0.613) <0.001
Hyper 0.98 65.3 48.6 0.590 (0.569-0.612) <0.001
No Hyper 1.44 50.4 63.0 0.572 (0.545-0.599) <0.001
DM 1.7 34.8 80.5 0.587 (0.551-0.623) <0.001
No DM 1.36 50.6 63.5 0.584 (0.565-0.603) <0.001

Hyper, hypertension; DM, diabetes mellitus.

there is a strong possibility that this relation exists. Thirdly,
as mentioned previously, the adjusted-OPTIMIZE-HF risk
model used in this study was developed in a cohort primarily
comprised of Singaporeans. Whether this adjusted-
OPTIMIZE-HF risk model is representative of the Chinese
population warrants further investigation. Finally, although
the predictive ability of the adjusted-OPTIMIZE-HF risk
model was confirmed, a more accurate predictive model or
formula is worth exploring in the future.

Conclusions

In conclusion, the adjusted-OPTIMIZE-HF risk model
performed well in predicting LOS greater than 6 days in the
Chinese patients with ADHF. This predictive ability was
stable in subgroups defined by gender, history of smoking,
history of drinking, presence of hypertension, and presence
of diabetes.
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Figure S1 The distribution of LOS for overall cohort.
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