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Abstract

Aims Chronic heart failure (CHF) has an increasing burden of comorbidities, which affect clinical outcomes. Few
studies have focused on the clustering and hierarchical management of patients with CHF based on comorbidity. This study
aimed to explore the cluster model of CHF patients based on comorbidities and to verify their relationship with clinical
outcomes.
Methods and results Electronic health records of patients hospitalized with CHF from January 2014 to April 2019 were col-
lected, and 12 common comorbidities were included in the latent class analysis. The Fruchterman–Reingold layout was used to
draw the comorbidity network, and analysis of variance was used to compare the weighted degrees among them. The inci-
dence of clinical outcomes among different clusters was presented on Kaplan–Meier curves and compared using the
log-rank test, and the hazard ratio was calculated using the Cox proportional risk model. Sensitivity analysis was performed
according to the left ventricular ejection fraction. Four different clinical clusters from 4063 total patients were identified: met-
abolic, ischaemic, high comorbidity burden, and elderly-atrial fibrillation. Compared with the metabolic cluster, patients in the
high comorbidity burden cluster had the highest adjusted risk of combined outcome and all-cause mortality {1.67 [95%
confidence interval (CI), 1.40–1.99] and 2.87 [95% CI, 2.17–3.81], respectively}, followed by the elderly-atrial fibrillation and
ischaemic clusters. The adjusted readmission risk of patients with ischaemic, high comorbidity burden, and elderly-atrial
fibrillation clusters were 1.35 (95% CI, 1.08–1.68), 1.39 (95% CI, 1.13–1.72), and 1.42 (95% CI, 1.14–1.77), respectively. The
comorbidity network analysis found that patients in the high comorbidity burden cluster had more and higher comorbidity
correlations than those in other clusters. Sensitivity analysis revealed that patients in the high comorbidity burden cluster
had the highest risk of combined outcome and all-cause mortality (P < 0.05).
Conclusions The difference in adverse outcomes among clusters confirmed the heterogeneity of CHF and the importance of
hierarchical management. This study can provide a basis for personalized treatment and management of patients with CHF,
and provide a new perspective for clinical decision making.
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Introduction

Comorbidities are very common in patients with heart failure
(HF), especially in elderly patients and those in advanced

stages of disease, and the burden of comorbidities is
increasing.1 In Asia, 64% of patients with HF have two or
more comorbidities.2 The existence of multiple comorbidities
increases the heterogeneity of HF patients, and makes the
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diagnosis, treatment, and management of patients face great
challenges, affecting the precision medicine of patients and
increasing the risk of adverse outcomes.3,4

Most previous clinical studies have focused on the relation-
ship between single comorbidities such as atrial fibrillation
(AF),5 chronic kidney disease,6 depression,7 and the clinical
outcome of HF, while few studies have focused on the cluster
model of multiple comorbidities in HF. Understanding the
clustering of comorbidities in patients with HF and its impact
on major adverse outcome events can lay the foundation for
clinically personalized treatment programmes.8 HF is cur-
rently classified by left ventricular ejection fraction (LVEF),
which does not reflect the true nature of HF as a complex het-
erogeneous syndrome that includes cardiovascular and
non-cardiovascular factors related to its pathophysiology
and prognosis,9–11 especially when there may be a two-way
causality between HF and comorbidities, and there may be
an interaction between LVEF and comorbidities.

This study used the latent class analysis (LCA) method to
determine the clustering pattern of patients with CHF based
on comorbidities, analyse the composition and network rela-
tionship of comorbidities in different clusters and the impact
on clinical outcomes to reduce treatment complexity for
patients with multiple comorbidities, and provide a new per-
spective for patients’ personalized decision making.

Methods

Data sources and study population

This was a prospective cohort study. Patients who were
hospitalized and diagnosed with CHF at the First Hospital of
Shanxi Medical University and Shanxi Cardiovascular Hospital
from January 2014 to April 2019 were selected. The investiga-
tion conforms with the principles outlined in the Declaration
of Helsinki, and written informed consent for participation
was obtained from all patients.

Eligible patients met the following criteria: (i) age ≥18 years,
(ii) diagnosed with HF according to the guidelines,12 (iii) New
York Heart Association (NYHA) function Class II–IV, and (iv)
use of HF drugs and other treatment measures.

The exclusion criteria were patients with acute cardiovas-
cular events in the past 2 months, concurrent mental illness,
inability to understand or complete the questionnaire due to
speech and intellectual disabilities, and refusal to participate
in this project.

Comorbidity variables

The inpatient information was collected according to the case
report form of chronic heart failure (CHF-CRF) developed by
our group based on the content of the case records and the

guidelines for HF.3,12 Comorbidity variables used in the
LCA13 included AF, old myocardial infarction (OMI), valvular
heart disease (VHD), hyperlipidaemia (HLP), stroke, lung dis-
ease, type II diabetes, hypertension, renal disease, obesity,
anaemia, and cancer. The definitions of comorbidities are
provided in Supporting information, Table S1. Age, sex, treat-
ment, and other variables were not used in the LCA analysis,
but these variables were adjusted in the final analysis stage.

Data pre-processing

To make full use of clinical information, the factorial analysis
for mixed data (FAMD) method was used to fill in the
missing data, and there were no missing values for comorbid
variables.

Outcomes

The patients were followed up at 1, 3, 6, and 12 months after
discharge, and then once a year. The primary outcome was
the combined outcome (readmission or death), and the
secondary outcomes were HF-specific readmission and all-
cause mortality, including death from HF, cardiovascular dis-
ease, and other causes. The patient’s HF-specific readmission
records of patients were indexed based on each patient’s
unique hospitalization code. The death information was com-
posed of two parts: one was that the follow-up personnel
conducted regular follow-up of the patient, and the other
was to inquire in the information system of the cause of
death registration report of Shanxi Province based on the pa-
tient’s identification number.

Statistical analyses

Continuous variables of baseline data are presented as
median and inter-quartile range, and categorical variables
are presented as numbers (percentages). The analysis of
variance (ANOVA) or Kruskal–Wallis H test was used for
continuous variable analysis, and the χ2 test was used for
categorical variable analysis.

The poLCA package was used for LCA by using comorbid
variables; clusters of two to seven were identified using
maximum likelihood estimation, and 100 iterations were per-
formed. Finally, the Akaike information criterion, Bayesian in-
formation criterion, and χ2 statistics were used to determine
that four was the optimal number of latent clusters
(Table S2). The Spearman correlation coefficient and the
Fruchterman–Reingold layout of the elastic model were used
to draw each cluster’s comorbidity network and completed
by Gephi 0.9.2.

The incidence of adverse outcomes among different clus-
ters was presented on the Kaplan–Meier curve and compared
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using the log-rank test, and the hazard ratio and 95% confi-
dence interval (CI) were calculated using the Cox proportional
risk model. Sensitivity analysis was performed according to
the LVEF. The test level was set at 0.05, and the least signifi-
cant difference or Bonferroni correction was used for
post-hoc test. The statistical analysis was performed using
the R software version 3.6.1 and Python version 3.7.3, and
our research flow chart is shown in Figure S1.

Results

Baseline patient characteristics

The baseline characteristics of the patients are shown in
Table 1. Overall, the median age of the 4063 patients with
CHF was 69 years (inter-quartile range 60–77 years), and
65.8% were male. Hypertension (66.4%) and OMI (51.6%)
were the most common comorbidities, followed by VHD, dia-
betes, and anaemia. Beta-blockers (74.0%) were the most
commonly used drug, followed by mineralocorticoid receptor
antagonist and loop diuretics (specific drugs are shown in
Table S3).

Cluster analysis

Based on the LCA, four comorbid clinical clusters were identi-
fied. Of the 4063 patients, 1977(48.7%), 666 (16.4%), 725
(17.8%), and 695 (17.1%) patients were assigned to Clusters
1–4, respectively. Table 2 shows the characteristics of
patients in each cluster, and the comorbidity variables used
in the LCA showed high discrimination between clusters
(P < 0.01).

Cluster 1 was classified as a metabolic cluster (Figure 1A).
Patients in this cluster were the youngest, the prevalence of
HLP (48.7%) and obesity (26.1%) was higher than those in
other clusters, and the severity of HF was mild. Of the pa-
tients in Cluster 2, OMI (85.6%) was the most common,
followed by VHD; this group can be classified as the ischaemic
cluster (Figure 1B). Cluster 3 was classified as a high comor-
bidity burden cluster (Figure 1C). The patients in this cluster
had proportionately higher comorbidities than did those in
the other clusters. The proportions of patients with diseases
such as hypertension (85.8%), renal disease (76.7%), OMI
(75.4%), and diabetes (67.3%) were higher than those in
other clusters. The patients in Cluster 4 demonstrated the
highest median age; as this group was also characterized by
the highest prevalence of AF (90.4%), it could be referred to
as the elderly-AF cluster (Figure 1D, Table 2). The probability
of each comorbidity variable in each cluster is provided in the
Table S4.

Drug use profile

The medication usage of patients with CHF in the different
clusters is shown in Table 2. Compared with other clusters,
Cluster 1 received fewer mineralocorticoid receptor antago-
nists and loop diuretics. The beta-blocker drug administration
rate of patients in each cluster was higher, but there was no
difference in the usage rate of other drugs among clusters.

Comorbidity networks

The average weighted degrees of Clusters 1–4 were 2.503,
1.778, 5.794, and 3.813, respectively. The ANOVA results
showed that there were significant differences between the

Table 1 Baseline patient characteristics (n = 4063)

Characteristics n (%)

Age, years, median (IQR) 69 (60–77)
Male, n (%) 2673 (65.8)
Medical insurance
City medical insurance 2438 (60.0)
Rural medical insurance 1087 (26.8)
Self-paying 538 (13.2)

NYHA class, n (%)
III/IV 2447 (60.2)

LVEF, n (%)
HFrEF 906 (22.3)
HFmrEF 863 (21.2)
HFpEF 2294 (56.5)

PCI or CABG, n (%) 1288 (31.7)
Valvular surgery 6 (0.1)
IHD
Angina pectoris 2951 (72.6)
OMI 2095 (51.6)

Comorbidities, n (%)
AF 1266 (31.2)
OMI 2095 (51.6)
VHD 1436 (35.3)
HLP 1251 (30.8)
Stroke 1034 (25.4)
Lung disease 1055 (26.0)
Diabetes 1330 (32.7)
Hypertension 2696 (66.4)
Renal disease 1246 (30.7)
Obesity 741 (18.2)
Anaemia 1329 (32.7)

Medication, n (%)
Beta-blocker 3008 (74.0)
Ivabradine 16 (0.4)
ACEI/ARB 1873 (46.1)
ARNI 18 (0.4)
MRA 2445 (60.2)
Loop diuretics 2033 (50.0)

ACEI, angiotensin-converting enzyme inhibitor; AF, atrial fibrilla-
tion; ARB, angiotensin receptor blocker; CABG, coronary artery by-
pass grafting; HFmrEF, heart failure with mid-range ejection
fraction; HFpEF, heart failure with preserved ejection fraction;
HFrEF, heart failure with reduced ejection fraction; HLP, hyperlipid-
aemia; IHD, ischaemic heart disease; IQR, inter-quartile range;
LVEF, left ventricular ejection fraction; MRA, mineralocorticoid re-
ceptor antagonist; NYHA, New York Heart Association; OMI, old
myocardial infarction; PCI, percutaneous coronary intervention;
VHD, valvular heart disease.
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comorbidity networks (F = 11.063, P < 0.001). The two major
correlations of Cluster 1 patients were hypertension-HLP and
hypertension-OMI (Figure 2A). Patients in Cluster 2 were
more likely to have OMI and VHD simultaneously
(Figure 2B), and the comorbidities of Cluster 3 patients had
more and higher correlations than those in other clusters
(Figure 2C). The correlation intensity of AF, VHD, and hyper-
tension in Cluster 4 patients was higher than that in other
clusters (Figure 2D).

Clinical outcomes

For the entire cohort, we evaluated the relationship between
different clusters and combined outcomes, all-cause mortal-
ity, and readmission rates. Log-rank test results showed that
there were differences in outcomes among clusters (Figure 3,
P < 0.001). After controlling for age and other influencing
factors, the Cox proportional hazards regression model
showed that the risk of adverse outcomes in patients in Clus-
ters 2–4 patients were higher than that of patients in Cluster
1 (P < 0.05). Compared with Cluster 1, patients in Cluster 3
had the highest adjusted risk of combined outcome and all-
cause mortality, which were 1.67 (95% CI, 1.40–1.99) and

2.87 (95% CI, 2.17–3.81), respectively, followed by Clusters
4 and 2. The adjusted readmission risks of patients in Clusters
2–4 were 1.35 (95% CI, 1.08–1.68), 1.39 (95% CI, 1.13–1.72),
and 1.42 (95% CI, 1.14–1.77), respectively (Table 3, Figure 4).

Sensitivity analysis

Using the LCA method, HFpEF patients, and HFrEF patients
were divided into four clusters, respectively. The Cox propor-
tional hazards regression model revealed that in the HFpEF
and HFrEF subgroups, patients in Cluster 3 had the highest
risk of combined outcome and all-cause mortality
(P < 0.05, Tables 4 and S5).

Discussion

In this study, we used the LCA method to cluster CHF patients
into four clinical clusters: metabolic, ischaemic, high comor-
bidity burden, and elderly-AF. The risk of adverse outcomes
of the metabolic cluster was the lowest, while the risk of
combined outcome and all-cause mortality in the high comor-
bidity burden cluster was the highest. The different

Figure 1 (A–D) Patient comorbidity profiles within clusters. The colour of the petals represents the comorbidity variable, and the area represents the
constituent ratio of each comorbidity in the cluster, arranged in descending order. AF, atrial fibrillation; HLP, hyperlipidaemia; OMI, old myocardial in-
farction; VHD, valvular heart disease.
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comorbidity patterns and comorbidity burden reflect the
different clinical phenotypes of patients with HF, highlighting
the importance of comorbidity research.

Studies on heart failure cluster and geographic
and ethnic differences

In previous studies on the subgroup of patients with HF, Lee
et al.14 used the latent mixture model to identify the common
characteristics of comorbidities of adult patients with HF. Uijl
et al.15 chose to cluster patients with HFpEF into five catego-
ries using easily available clinical information, and identified
an elderly-AF cluster similar to that in our study, but the study
cohort only included patients with HFpEF. Gulea et al.16 per-
formed the LCA of patients with HF and identified five sub-
groups, which proved the feasibility of using LCA to classify
HF. However, their study data came only from patients across
the USA, and there were no data on the severity of HF. Tromp

et al.17 conducted a prospective study on the multimorbidity
pattern of Asian patients with HF and observed significant
geographic differences in the distribution of multimorbidity
groups across Asia. Both Tromp et al. and Gulea et al. identi-
fied ischaemia and metabolism subgroups; however, Tromp
et al. identified an lower average age of patients (61.6 vs.
73 years), and a higher proportion of male patients (73% vs.
48.6%). The incidence of diabetes and obesity in the meta-
bolic group, and of non-cardiovascular comorbidities in the
ischaemic group, was lower.

It is generally believed that 50% of inpatients with HF
have HFpEF/HFmrEF18,19 and 16% of HF outpatients have
HFpEF.20 The study on the prevalence of HF and left ventric-
ular dysfunction in China by Hao et al.21 found that 60% of
patients had HFpEF, echoing our data distribution. Previous
studies have revealed that there are regional and ethnic
differences in patients with HF. Therefore, it is necessary to
explore the comorbidity patterns of patients with CHF in
different areas.

Figure 2 (A–D) Patient comorbidity networks within clusters. In the network diagram, each node represents the comorbidity variable, the node size
represents the weighted degree, and the connecting line between nodes represents the correlation. The thicker the line, the greater the correlations of
nodes. AF, atrial fibrillation; HLP, hyperlipidaemia; OMI, old myocardial infarction; VHD, valvular heart disease.
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This study extended the previous studies by using comor-
bidity information to cluster CHF patients into different clin-
ical phenotypes and analysing the comorbidity network of
clustered patients. We found that the clinical outcome of
the metabolic cluster was the best, which may be due to
the younger age of patients in this cluster, the lighter sever-
ity of HF, and most of the patients being NYHA Class II. The
high comorbidity burden cluster had the highest risk of ad-
verse outcome events, which was consistent with the con-

clusions of Schmidt et al.22 The analysis of comorbidity
network revealed that the correlation of hypertension,
diabetes and renal disease, and OMI was greater in high
comorbidity burden cluster than that in other clusters,
suggesting that a special combination of cardiovascular and
non-cardiovascular comorbidities may increase the risk of
adverse events. Studies have found that renal dysfunction
often occurs in HF patients with all phenotypes, with higher
mortality and morbidity.23 There was a vicious circle be-

Figure 3 (A–C) Kaplan–Meier curve and log-rank test showed that there were differences in outcomes among clusters.

Table 3 Association between different clusters and clinical outcomes in all patients (n = 4063)

Cluster 1 Cluster 2 Cluster 3 Cluster 4 Overall

Combined outcome, n (%) 332 (16.8) 170 (25.5) 267 (36.8) 207 (29.8) 976 (24.0)
HR (95% CI) 1.00 (Ref) 1.68 (1.40–2.02) 2.61 (2.22–3.07) 2.18 (1.83–2.60)
Adjusted HR (95% CI)a 1.00 (Ref) 1.33 (1.09–1.61) 1.67 (1.40–1.99) 1.43 (1.19–1.72)
All-cause mortality, n (%) 91 (4.6) 69 (10.4) 157 (21.7) 92 (13.2) 409 (10.1)
HR (95% CI) 1.00 (Ref) 2.46 (1.80–3.36) 5.51 (4.25–7.13) 3.47 (2.60–4.64)
Adjusted HR (95% CI)b 1.00 (Ref) 1.75 (1.26–2.42) 2.87 (2.17–3.81) 1.81 (1.33–2.45)
Readmission, n (%) 260 (13.2) 115 (17.3) 140 (19.3) 129 (18.6) 644 (15.9)
HR (95% CI) 1.00 (Ref) 1.39 (1.12–1.73) 1.59 (1.29–1.95) 1.59 (1.29–1.97)
Adjusted HR (95% CI)c 1.00 (Ref) 1.35 (1.08–1.68) 1.39 (1.13–1.72) 1.42 (1.14–1.77)

CI, confidence interval; HR, hazard ratio; Ref, reference.
aAdjusted for age, NYHA, LVEF, and beta-blocker.
bAdjusted for age, NYHA, PCI or CABG, LVEF, and beta-blocker.
cAdjusted for age, PCI or CABG, and medical insurance.
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tween diabetes, HF, and kidney disease, and this interaction
worsens the patient’s prognosis.24,25 The reason for the
poorer prognosis of patients in the elderly-AF cluster than
that in the metabolic cluster was that most of these patients
were elderly, and the proportion of patients with AF and
VHD was the highest. Studies have found that the clinical
outcomes are particularly poor when AF is comorbid with

HF. In patients with HF, the development of AF doubled
the mortality, while in AF patients, it tripled the
mortality.26,27 Although the ischaemic cluster had fewer co-
morbidities, 77.1% of the patients were NYHA Class III/IV.
At the same time, the prevalence of cardiovascular compli-
cations OMI and VHD was higher; therefore, patients in this
cluster had poorer outcomes.

Figure 4 (A–C) The hazard ratio showed the association between clusters and outcomes after adjustment for baseline covariates. CABG, coronary ar-
tery bypass grafting; CI, confidence interval; HR, hazard ratio; LVEF, left ventricular ejection fraction; NYHA, New York Heart Association; PCI, percu-
taneous coronary intervention.

Table 4 Association between different clusters and clinical outcomes in HFpEF patients (n = 2294)

Cluster 1 Cluster 2 Cluster 3 Cluster 4 Overall

Combined outcome, n (%) 101 (10.9) 57 (18.4) 123 (32.5) 177 (26.1) 458 (20.0)
HR (95% CI) 1.00 (Ref) 1.83 (1.32–2.53) 3.79 (2.91–4.93) 2.70 (2.12–3.45)
All-cause mortality, n (%) 20 (2.2) 17 (5.5) 58 (15.3) 70 (10.3) 165 (7.2)
HR (95% CI) 1.00 (Ref) 2.72 (1.43–2.37) 8.76 (5.27–14.58) 5.22 (3.18–6.52)
Readmission, n (%) 83 (8.9) 42 (13.6) 69 (18.3) 131(19.4) 325 (14.2)
HR (95% CI) 1.00 (Ref) 1.60 (1.11–2.32) 2.34 (1.70–3.22) 2.34 (1.78–3.08)

CI, confidence interval; HR, hazard ratio; Ref, reference.
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The results of the sensitivity analysis echoed those of the
whole population cohort, indicating that LCA has a good
clustering effect on CHF patients. Previous studies have
indicated that most comorbidities have similar effects on
patients in the HFpEF and HFrEF subgroups.28,29 After
adjusting for EF, the risk of adverse outcomes in different
clusters still differed, which was consistent with the
previous results.16

Management of chronic heart failure patients

It is extremely challenging to manage CHF patients with
multiple comorbidities. The existence of comorbidities may
interfere with the process of diagnosing HF, aggravate HF
symptoms, and further impair the quality of life. Preventing
HF-related comorbidities is crucial, and measures should be
taken to reduce obesity, diabetes, and hypertension, which
are powerful risk factors for major comorbidities related to
HF.30 The clinical characteristics of patients in the same clus-
ter are similar, which is conducive to taking similar preventive
measures and treatment plans. The hypothesis that treat-
ment of comorbidities may improve patients’ prognosis
needs to be verified in prospective cohort studies. Polyphar-
macy often appears in the management of CHF patients with
multimorbidity; however, the drugs used to treat HF and
those used to treat comorbidities may interact, resulting in
reduced efficacy, poor safety, and adverse effects.31 The
impact of polypharmacy related to multimorbidity on the
effectiveness of HF management merits further study.

Strengths and limitations

This study used the LCA method to cluster CHF patients,
which reduced the heterogeneity of patients. By analysing
the comorbidity network of patients in different clusters,
we explored the comorbidity relationship in different
clusters, and the same network research was not found in
the previous analysis of the CHF subgroup. We found that
multiple comorbidities are very common in patients with
HF and are associated with adverse outcomes. This study
can provide a theoretical basis for the study of the relation-
ship between the cluster pattern of comorbidities and clini-
cal outcomes for patients with HF, and provide the basis
for clinicians to perform hierarchical management and more
precise medical treatment for complex patients with multi-
ple comorbidities.

There were some limitations in this study. First, this
study only included CHF patients from two hospitals, which
may result in some selection bias. At present, the data col-
lection has been extended to several hospitals, which will
further verify the conclusions of this study. Second, this

study did not consider changes in the clustering of
comorbidities over time and could not explain the progress
of HF. The time trajectory changes in the comorbidity
patterns of CHF patients should be explored further in fu-
ture studies. Even if the proportions were different, there
were overlapping clinical features among the clusters. This
is because the clustering method based on the LCA model
classifies patients according to the maximum likelihood
probability.

Conclusions

Patients with CHF who also have multiple comorbidities
had an increased risk of adverse outcomes, and the
differences among clusters confirmed the heterogeneity of
CHF. This study can provide a basis for personalized
treatment and hierarchical management of CHF
patients, as well as provide a new perspective for clinical
decision-making.
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