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Abstract
Review Purpose This systematic review aims to summarise clustering studies in heart failure (HF) and guide future clinical 
trial design and implementation in routine clinical practice.
Findings 34 studies were identified (n = 19 in HF with preserved ejection fraction (HFpEF)). There was significant hetero-
geneity invariables and techniques used. However, 149/165 described clusters could be assigned to one of nine phenotypes: 
1) young, low comorbidity burden; 2) metabolic; 3) cardio-renal; 4) atrial fibrillation (AF); 5) elderly female AF; 6) hyper-
tensive-comorbidity; 7) ischaemic-male; 8) valvular disease; and 9) devices. There was room for improvement on important 
methodological topics for all clustering studies such as external validation and transparency of the modelling process.
Summary The large overlap between the phenotypes of the clustering studies shows that clustering is a robust approach for 
discovering clinically distinct phenotypes. However, future studies should invest in a phenotype model that can be imple-
mented in routine clinical practice and future clinical trial design.

Keywords Heart failure · Machine learning · Clustering · Phenotyping · Precision medicine

Introduction

Heart failure (HF) is a heterogeneous, chronic syndrome 
with high morbidity and high mortality, with 10–20% of 
patients rehospitalised for HF within 1 year and less than 
50% of patients surviving 5 years after diagnosis [1, 2]. 
The prevalence of HF is only expected to increase with an 
aging general population [3]. Left ventricular ejection frac-
tion (EF) plays a central role in the diagnosis, prognosis, 

and treatment indication for patients with HF. The Euro-
pean Society of Cardiology (ESC) differentiates EF between 
HF with reduced EF (HFrEF; EF ≤ 40%), HF with mildly 
reduced EF (HFmrEF; EF 41–49%), and HF with preserved 
EF (HFpEF; EF ≥ 50%) [4].

At both ends of the EF spectrum there are limitations 
in the treatment of patients, which indicates there could 
be potential for personalisation of care. Treatment of HF 
follows a “one-size-fits-all” approach, with four main 
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treatments that should be considered for patients with 
HFrEF. However, with this multitude of evidence-based 
therapies, an aging population and multimorbidity the man-
agement of these patients is complicated [5]. Currently, 
prioritisation or sequencing of guideline directed medical 
therapy is lacking, yet personalisation of treatment strategies 
could be an option for these patients [6].

Only sodium-glucose co-transporter 2 inhibitor (SGLT2i) 
have demonstrated benefit in patients with HFpEF [7, 8]. 
Overall, there have been disappointing neutral trial results 
for patients with HFpEF [9]. The inconclusive trial results in 
patients with HFpEF might be a consequence of increased 
underlying heterogeneity in patients with higher LVEF. Yet, 
there could be subgroups of patients that would benefit from 
some therapies. This indicates that personalisation is a key 
concept that could be implemented across the EF spectrum.

Given the high variation in pathophysiology, symptoms, and 
comorbidities among HF patients, there is significant potential 
for personalized care. To address the above-mentioned issues, 
there has been a surge of studies that aimed to describe the 
heterogeneity of HF patients in a more multidimensional man-
ner, using clustering to characterize phenotypical subgroups.

Unsupervised clustering analysis is a machine learning algo-
rithm that can classify patients according to patient characteris-
tics. Cluster analysis is especially suitable for subgroup discovery 
when dealing with unknown and complex relationships between 
variables, as these relationships do not have to be pre-specified 
to be modelled correctly. A series of clustering studies has been 
instigated since Shah et al. in 2015 used clustering, which they 
termed “phenomapping”, to identify clusters of patients with 
HFpEF [10]. The hypothesis is that increased patient heteroge-
neity could lead to dilution of beneficial treatment effects.

There is a wide variety of clustering studies in HF, 
using different clustering methods, identifying variables 
and HF populations, which makes it difficult to compare 
these studies. To date, several reviews have discussed clus-
tering, in particular in HFpEF, yet results have not yet 
been synthesised in a systematic review [11–13]. This sys-
tematic review aims to examine and compare the method-
ology and results of clustering studies that are performed 
in patients with HF. A comprehensive summary of the 
clustering studies can shed light on the utility of clustering 
for patients with HF and the usefulness of corresponding 
phenotype cluster models, and could help shape future 
research on treatment personalisation for patients with HF.

Methods

The review protocol was previously specified and regis-
tered in PROSPERO (CRD42022362925). The Preferred 
Reporting Items for Systematic Reviews and Meta-Analyses 

(PRISMA) was used to ensure transparent reporting of 
review methods.

Eligibility Criteria

Randomised clinical trials and observational studies (cross-
sectional, cohorts, registries, and electronic health records) 
reporting on unsupervised clustering analysis in HF were 
considered for inclusion. Patients had to be diagnosed with 
HF, HFrEF, HFmrEF or HFpEF, subpopulations of HF were 
excluded (e.g. patients with HF and diabetes or patients with 
HF and destination therapy left ventricular assist devices). 
Studies were also excluded if the aim of the article was not 
to define and describe phenotypes within patients with HF or 
if the analysis did not include unsupervised clustering meth-
ods. Clustering studies based on symptoms were excluded. 
Studies were excluded if they were review articles or case 
reports. Only studies conducted after 1 January 2010 were 
considered for synthesis to include contemporary studies 
on HF and machine learning techniques. The language was 
restricted to English or Dutch.

Literature Search

We included relevant search terms for HF, including HFrEF, 
HFmrEF, HFpEF. In addition, we searched for clustering 
methods, general terms such as “machine learning” and 
“clustering analysis” were combined with specific clustering 
methods such as “latent class analysis”, “hierarchical clus-
tering” and “phenomapping”. Last, we included the outcome 
of clustering methods such as “clusters”, “phenogroups” and 
“subgroups”. MeSH terms that were relevant were included. 
All searches were combined using the Boolean Operators 
“AND” and “OR”. The search was conducted in two data-
bases: PubMed and EMBASE. The search strategy was con-
ducted on 13 October 2022. A detailed search strategy can 
be found in Supplementary Table S1.

Final consensus on eligibility, based on title/abstract and 
full text screening, was reached by two independent review-
ers (CM and AU) using the Rayyan web tool.

Data Extraction and Synthesis

Data was extracted from the included articles according to 
the following characteristics: 1) general information (year 
of publication, author, data source), 2) study characteris-
tics (sample size, age and sex distribution), 3) character-
istics of clustering (method, number of variables, number 
of clusters, external validation), 4) data on outcome (iden-
tifying variables for each cluster, morbidity and mortality 
outcomes). A proposed qualitative cluster framework was 
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created summarizing similarities and differences between 
the cluster models. This framework was developed based on 
phenotype patterns that we could identify across the differ-
ent clustering studies. Within the framework characteristic 
frequency was quantified. Additionally, the characteristics 
and proportions and prognoses of most common clusters 
are discussed. Data was extracted by one reviewer (CM) 
and checked by a second reviewer (AU).

Quality Assessment

To assess quality of the clustering studies, the method-
ology of all studies was compared. We consulted the 
scoping review of Hond et al. [14•], and two practical 
guidelines on clustering to create a comparison struc-
ture that contains most crucial aspects of unsupervised 
learning (Supplementary Table S2) [14•, 15, 16]. The 
methodology comparison is structured into three phases: 
1) preparation, collection, and checking of the data, 2) 
development of the model, and 3) validation of the model.

Results

Literature Search

A total of 1097 studies were identified in PubMed and 
EMBASE, of which 472 studies were excluded as dupli-
cates. Studies (n = 625) were screened on title/abstract 
and 52 were selected for full-text review. Of these, 18 
were excluded based on wrong methods (i.e. supervised 

clustering or prediction modelling), wrong study popula-
tion (i.e. also including non-HF participants) or a missing 
description of phenotypes (i.e. missing outcome). In total, 
34 studies were included in the systematic review (Fig. 1).

Study Characteristics

We found 34 eligible clustering studies that were per-
formed between 2012 and 2022, and used varying data-
types, clustering methods, and sample sizes (Table 1) 
[10, 17–33, 34•, 35–38, 39•, 40–42, 43•, 44–49]. Clus-
tering techniques that were used included hierarchi-
cal clustering (n = 14) [10, 22, 24, 25, 27, 28, 31, 34•, 
36, 39•, 40, 45, 47, 49], LCA (n = 10) [17, 21, 26, 32, 
33, 35, 37, 43•, 46, 48], PAM (n = 5) [19, 29, 30, 34•, 
38], k-means clustering (n = 5) [23, 34•, 41, 42, 44], 
and model-based clustering (n = 3) [18, 20, 34•]. Data-
set sizes ranged from 103 patients to 318,384 patients. 
Datatypes varied between registry-based data (n = 6) 
[19, 26, 27, 42, 43•, 46], cohort data (n = 7) [20, 22, 24, 
28, 30, 38, 41], EHR data (n = 9) [10, 23, 29, 31, 34•, 
44, 47–49], and trial data (n = 12) [17, 18, 21, 25, 32, 
33, 35–37, 39•, 40, 45], using varying variable types for 
the clustering such as clinical variables (n = 31), echo-
cardiographic variables (n = 7) [10, 18, 20, 22, 23, 40, 
49], biomarkers (n = 4) [24, 28, 38, 41], hemodynamic 
parameters (n = 1) [23], and demographic variables 
(n = 1) [27]. The number of variables used for analysis 
also varied between 8 and 415, and the number of clus-
ters discovered ranged between 2 to 15.

Fig. 1  Study flow of the literature search and study selection
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Methodology Comparison

Below, we will discuss a few of the trends that could be 
observed within the three phases of the quality assessment 
(Table 2 and Supplementary Table S3).

Preparation, Collection, and Checking of the Data

In over half of the studies the generalizability and representa-
tiveness of the participants is evaluated(n = 24). However, 
only rarely sample size requirements are discussed (n = 2) [36, 
41]. Still, most studies exceeded the threshold of 100 par-
ticipants for each discovered subgroup (n = 29). Description 
of missingness ranged from not mentioning missing values 
at all (n = 11) [18, 19, 23, 25, 30, 31, 35, 36, 43•, 44, 48] to 
reporting percentage of missing for each variable (n = 12) [10, 
20–22, 24, 26, 29, 37, 39•, 40, 46, 47], but also several studies 
have only given a very global description of the missingness 
in the dataset usually limited to which variables passed a spe-
cific threshold of missingness (n = 11) [17, 27, 28, 32, 33, 34•, 
38, 41, 42, 45, 49]. From the studies that describe handling 
of missingness they either performed complete case analysis 
(n = 9) [26, 32, 33, 36–38, 39•, 43•, 46] or imputation (n = 13) 
[10, 17, 18, 20, 22, 24, 29, 34•, 40–42, 48, 49].

Development of the Model

Although most studies often described how they selected 
the number of clusters and helped the reader to interpret 
the clustering model with either visual aid or with an expla-
nation (n = 27), only a small part of the studies provided a 

description of the advantages and pitfalls of their chosen 
clustering technique (n = 11) [10, 18, 19, 23, 32, 33, 38, 39•, 
42, 45, 47]. What is noteworthy is that especially regard-
ing modelling transparency the studies showed low quality, 
because only rarely the clustering algorithm are being shared 
(n = 9) [17, 23, 26, 34•, 37, 42, 43•, 46, 48], and the code or 
pipeline was never provided. When it comes to feature selec-
tion, part of the studies used all variables available or seem 
to have used all variables available, as they do not mention 
feature selection (n = 18), some studies select features a pri-
ori (i.e., based on clinician perspective, literature or general 
availability of the variable in the clinic) (n = 9) [17, 21, 24, 
26, 27, 35, 38, 39•, 47], and other studies use computational 
approaches to select features (e.g., select features using PCA 
or correlation coefficient) (n = 7) [10, 28, 33, 34•, 36, 42, 44].

Validation of the Model

In total, eight studies validated their results in an external 
validation dataset (Table 2) [17, 18, 23, 26, 34•, 35, 37, 38]. 
Two of the studies that performed external validation did this 
with a dataset that was either a subset from the same original 
dataset or within a dataset that was from the same coun-
try, time period, and healthcare setting as the development 
cohort [10, 34•]. The other studies used external data from 
different time period, place, or healthcare setting [17, 18, 
26, 35, 37, 38]. In the external validation, it was found that 
phenotypes in the validation cohort had similar outcomes or 
similar group sizes, depending on whether follow-up data 
was available.

Table 2  Methodology comparison that summarizes crucial aspects of unsupervised clustering
HFpEF HFrEF All HF

1. Preparation, collection and 
checking of the data
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1.1 Sample size

1.2 Representativeness

1.3 Data quality

1.4 Data pre-processing

2. Development of the model

2.1 Model selection and 
interpretability

2.2 Feature selection

2.3 Internal validation

2.4 Measures to reduce risk of 
overfitting
2.5 Transparency modelling 
process

3. Validation of the model

3.1 External validation

3.2 Generalizability

Legend. Structure is based on a scoping review and two practical guides for unsupervised learning [14•, 15, 16]. Green = all requirements for 
that methodology item have been met, yellow = part of requirements for that methodology item have been met, orange = none of the requirements 
for that methodology item have been met. Supplementary Table S1 provides a more elaborate description on all methodology requirements, sup-
plementary Table S2 provides a more detailed explanation on the requirement assessment. Unmet requirements can be the result of either not 
(adequately) performing specific analysis steps or the lack of reporting on details of the analysis steps
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Phenotype Comparison

Of the 165 described phenotypes, 149 could be assigned to 
a proposed qualitative framework of nine phenotypes that 
transcended studies and EF subtypes (Table 3): 1) young-
low comorbidity burden phenotype (n = 32); 2) metabolic 
phenotype (n = 29); 3) cardio-renal phenotype (n = 19); 4) 
AF phenotype (n = 17); 5) elderly female AF phenotype 
(n = 16); 6) hypertensive-comorbidity phenotype (n = 14); 
7) ischaemic-male phenotype (n = 16); 8) valvular disease 
phenotype (n = 2); and 9) a devices phenotype (n = 4). The 
prevalence of the phenotype characteristics of these nine 
phenotypes are quantified in Table 4.

Young‑low Comorbidity Burden Phenotype

The young low comorbidity burden phenotype could be 
assigned in 17/19 studies in HFpEF, 6/7 studies in HFrEF 
and 7/8 studies in all HF patients. This cluster is char-
acterised by a lower comorbidity burden and younger 
age, with in addition obesity (n = 10), lower NT-proBNP 
levels (n = 7) and milder HF symptoms (n = 7). To some 
extend lower NYHA (n = 4) and smoking (n = 4) is 
reported for this phenotype. Sex is not reported consist-
ently; six studies mention more males while five studies 
mention more females.

Table 3  Phenotype key characteristics for each study
HFpEF

Shah[10] Kao[17] Segar[18] Arévalo-
Lorido[19] Hedman[20] Cohen[21] Schrub[22] Harada[23] Stienen[24] Gu[25]

Number 
of 

clusters
3 6 3 5 6 3 3 4 3

1

Youngest, low 
BNP, least 
comorbidities, 
least electric and 
myocardial
remodeling

Male, younger, 
higher alcohol 
use, less 
comorbidities

Diastolic 
dysfunction, 
lowest burden 
of symptoms

diabetes, 
dyslipidemia, 

AF

Young, male, 
obese, milder 
HF, low NT-
proBNP

Younger, 
smoking, low 
comorbidity 
burden

Female, lower 
comorbidity 
burden, 
subnormal left 
ventricular 
systolic function

Younger, mild 
symptoms, LV 

relaxation 
abnormality, 
male, higher 

BMI

Younger, low 
comorbidity 
burden, less 
advanced HF

Youngest, lower 
comorbidity 
burden, more 
male, more 
smoking, lower 
NYHA, lower 
BNP

2
Obesity, 
diabetes, OSAS, 
hyperlipidemia, 
hypertension

Female, younger, 
anaemia, less 
comorbidities

Obesity, 
diabetes, high 
comorbidity 
burden, high 
NT-proBNP, 
high NYHA

diabetes, 
peipheral 

artery disease, 
CKD, obese, 
hypertension

Younger, 
hypertension, 
CAD, CKD, 
anaemia, 
diabetes

Obesity, 
diabetes, 
worse renal 
function, 
worse NYHA, 
more edema

Male, younger, 
hypertension, 
diabetes,  
obesity, CKD

Older, renal 
dysfunction, 
female, RV 

and LV 
function 

preserved

Older , 
diabetes, AF, 

anaemia, 
worse renal 

function, 
worse NYHA

Male, IHD, 
diabetes, 
hypertension, 
overweight, 
dyslipidemia, 
higher BNP

3
Oldest, CKD, AF, 
highest BNP, 
worst RV 
function

Obesity, diabetes, 
hyperlipidemia, 
CAD, CKD

Intermediate 
comorbidity 
burden, 
hypertensive

CKD, 
dyslipidemia, 

obese

older AF, 
COPD, CKD, 
AF, anaemia, 
high NYHA and 
NT-proBNP

older female, 
AF, lower 
renal function

Older, female, 
AF, mitral 
regurgitation, 
severe LA 
enlargement

AF, advanced 
biventricular 

diastolic 
dysfunction

Oldest, female, 
more AF

4
Female, diabetes, 
hyperlipideamia, 
obesity and CKD

Male, AF, low 
NYHA

Male, 
hypertension, 
AF, 
pacemakers

Old age,  
renal 

dysfunction, 
female, AF, 
RV afterload 

mismatch

5

Female, oldest, 
lean, AF, valvular 
disease, CKD, 
anaemia

female, 
hypertension, 

low NYHA, 
stroke

older female, 
lean,  
hypertension, 
AF

6 Male, lean, AF, 
CAD, alcohol use

older female, 
hypertension, 
CAD

HFpEF
Uijl[26] Casebeer[27] Woolley[28] Nouraei[29] Perry[30] Fayol[31] Murray[32] Choy[33] Banerjee[34]

Number 
of 

clusters
5 3 6 6 7 3 4 3 5

1
Young, low 
comorbidity 
burden

Older, female, low 
comorbidity 
burden

Young, obesity, 
low comorbidity 
burden, lowest 
NTproBNP

Female, low 
comorbidity

No 
comorbidities

Lowest rate of 
comorbidities, 
amyloidoisis

Younger, male, 
black, obesity, 

diabetes

Young, low 
comorbidity 

burden, smoking

Young, low 
comorbidity 

burden, obesity

2

Younger, 
obesity, 
diabetes, 
hypertension, 
IHD

Younger, 
diabetes, obesity, 
IHD, OSAS, 
smoking, 
dyslipidemia

CKD, diabetes, 
overweight, 
higher NYHA

Female, 
hypertension, 
diabetes, 
dyslipidemia

Diabetes, 
younger, lower 
eGFR

Obesity, 
dyslipidaemia, 

diabetes, COPD

Older, 
white/asian, AF, 
high BNP, low 

blood pressure, 
high heart rate

Young, diabetes,   
obsesity, CKD

Obesity, medium
comorbidity 

burden, low CVD

3

older, female, 
IHD, 
hypertension, 
AF, CKD, worse 
NYHA

Male, AF, CKD, 
dyslipidemia

older AF, 
hypertension, 
CKD

Males, CAD, 
hypertension, 
OSAS, diabetes, 
overweight

AF CAD, male, MI
Older, female, 

white/asian, AF, 
high BNP

older, AF, CKD, 
pacemaker, 

hyopthyroidism

Obesity, high rate 
of prescribed 

medications, high 
rate of 

comorbidities, and 
CVD

4 AF, hypertension
COPD, IHD, 
anaemia, 
smoking

Males, older, AF, 
hypertension, 
higher BNP, RV 
size and LV mass 
index larger

AF, CRT, 
hypertension

Older, vascular 
disease, 

hypertension, low 
heart rate

AF, valve disease, 
obesity, CKD

5
older female, 
lean, AF,  
hypertension 

Female, older, AF, 
hypertension

older wide 
QRS, Lean

older female,  
hypertension, low 
prevalence CVD

6
older male, 
hypertension, 
CAD, dyslipidemia

CRT, Younger

7 IHD, male
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HFrEF
Kao[35] Ahmad[36] Ferreira[37] Tromp[38] Karwath[39] Bouali[40] de Lange[41]

Number 
of 

clusters
6 4 4 6 11 2 3

1
young, obesity, 
anemia, non-

caucasian

Youngest, obesity, less 
comorbidities, less advanced 

HF, lowest NT-proBNP

Younger, less 
comorbidities, lower 
BMI, higher eGFR, 

lower LVEF

Youngest, obesity, 
less comorbidities, 

lower NYHA, mild HF, 
lowest NT-proBNP

Younger, MI, 
Male, high BMI

Lower comorbidity 
burden, less 

advanced pathology, 
lower NT-pro-BNP 
levels, lower NYHA

Older, longer duration of HF, 
lower eGFR, diabetes, 

hypertension, AF, higher 
baseline biomarker levels, 

worst prognosis

2

Female, obesity, 
diabetes, 

hypertension, 
hyperlipidemia, 
anemia, CKD

Ischemic cardiomyopathy, 
angina symptoms, 

PCI/CABG, ICD/CRT use.

Female, 
hypertension, 

diabetes, AF, high 
BMI

Oldest, anemia, CKD, 
highest NT-proBNP

Younger, lower 
LVEF, high HR, 
high BMI, higher 

NYHA

Higher comorbidity 
burden, AF, 

advanced pathology, 
higher NT-pro-BNP 

levels

Younger, shorter duration of 
HF, larger slopes for most 
biomarkers, MI/PCI/CABG

3
male, obesity, 
hypertension, 
hyperlipidemia

Young, most women, less 
comorbidities, mild HF, 

ICD/CRT use

Younger, male, 
CKD, anemia, 
hypertension, 

diabetes, 
PCI/CABG, AF

High NT-proBNP, AF, 
elevated heart rate, 

anemia, higher NYHA

AF, older higher 
LVEF

Younger, les advanced HF, 
more often cardiomyopathy, 

lower NYHA, ICD/CRT

4
older male, 

hypertension, CKD, 
non-caucasian

older, men, smoking, 
ischemic cardiomyopathy, 
higher NYHA, AF, CKD, 
COPD, ICD/CRT use, 
highest NT-proBNP

Male, hypertension, 
diabetes, 

PCI/CABG, high 
BMI, COPD

Hypertension, lower 
NT-proBNP, IHD AF, older 

5 older, male, AF, valve 
disease, pacemaker Ischemic, less edema AF, Younger, low 

MI, high BMI

6
female, LBBB, 
hyperlipidemia, 

caucasian

Low levels of CHIT1, 
anemia

AF, high MI, male, 
low LVEF, low HR, 

low BMI

7
AF, Younger, low 

MI, male, low 
LVEF, low BMI

8

older female, 
higher LVEF, 
hypertension, 
higher NYHA

9
older MI, higher 

LVEF, lower 
NYHA

10 older MI, high 
LVEF

11 low LVEF, low 

all HF

Ahmad[42] Tromp[43] Nagamine[44] Gevaert[45] Gulea[46] Uszko-
Lencer[47] Zheng[48] Zhou[49]

Number 
of 

clusters
4 5 15 6 5 5 4 5

1

Youngest, male, 
ischaemic 

cardiomyopathy, 
smoking, low 

comorbidity burden, 
devices, HFrEF

Low comorbidity 
burden, female, 

HFrEF, 
eccentric 

hypertrophy

AF, dyspnea Younger, low 
comorbidity burden

Low 
comorbidity 

burden, 
Younger, CAD

Low comorbidity 
burden, obesity, 
low NT-proBNP, 
lower NYHA

Younger, 
hyperlipidaemia, 
obesity, mild HF, 
diabetes

Younger, less 
comorbidities, 
lower LVEF

2

Male, younger, 
obesity, 

hypertension, 
diabetes, 

dyslipidaemia, 
HFrEF

Obesity, 
hypertension, 

diabetes, 
HFpEF, 

concentric 
remodelling

Hypertensive heart disease, 
obesity, hyperlipidaemia, female

Younger, highest 
weight, diabetes, 

hypertension, 
OSAS

Diabetes, 
obesity, 

hypertension, 
younger

Male, older 
ischemic, lower 
LVEF, diabetes, 
obesity, smoking

hypertension, CKD, 
previous MI, 
diabetes, anaemia, 
lung disease, various 
CVD, high NT-
proBNP

AF, 
hyperlipidaemia, 
IHD

3

Older, lean, CKD, 
AF, aortic stenosis, 

COPD, prior MI, 
highest NT-proBNP.

Female, 
diabetes, low 
BMI, HFpEF, 

concentric 
hypertrophy, 

CKD

Hypertension, angina, history 
MI, male oldest, female, AF

Diabetes, 
CAD, PAD, 
CVA, AF, 

COPD, CKD

Older CKD, 
anaemia, more 
hospital 
admissions, 
higher NT-
proBNP, higher 
CRP

older AF, valvular 
heart disease, lung 
disease, high NT-
proBNP

Oldest, CKD, CV 
comorbidities

4

Oldest, lean, female, 
hypertension, AF, 

stroke/tia, high NT-
proBNP, HFpEF

Older, AF, 
stroke, female, 

HFpEF, 
concentric 

remodelling

Acute MI, ACS, CAD, stenosis, 
male

COPD, 
hypertension

Anaemia, 
CKD, 

hypertension

Younger, high 
LVEF, anxiety 
and depression, 
obesity

previous MI, valvular 
heart disease, 
ischaemic, lung 
disease, male, 
higher NYHA

Higher LVEF, 
lower LV 
parameters, 
female, older, AF

5

Male, CAD, 
ischemic, 
HFrEF, 

eccentric 
hypertrophy

Unstable angina, CAD, ACS, 
male

CAD, male, 
coronary 

revascularization, 
high NT-proBNP

Ischemic, 
CAD, PAD, 
CVA, AF, 

COPD

Female, lower 
glucose and 
better eGFR, 
lean, 
osteoporosis

hypertension, 
hyperlipidaemia, 
diabetes, IHD, 
PAD

6 Angina, IHD, cerebrovascular 
diseases, Cardiac surgery, male

Valvular heart 
disease, older, high 

NT-proBNP

7 Aortic valve 
disease/stenosis/insufficiency

8 Congenital heart defects

9 NICU, congenital heart disease

10
Decompensated CHF, 

pulmonary hypertension, 
pulmonary embolism, male

11
Dilated cardiomyopathy, 

dyspnea, mitral valve 
insufficiency, male

12 Cerebrovascular disease

13
Hypertrophic cardiomyopathy, 

mitral valve dysfunction, 
diastolic dysfunction

14 Isolated cardiomyopathy, 
female

15 Pediatric cardiomyopathy, 
myocarditis, cardiac arrythmias

Table 3  (continued)
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Metabolic Phenotype

The metabolic phenotype could be assigned in 17/19 stud-
ies in HFpEF, 3/7 studies in HFrEF and 5/8 studies in all 
HF patients. Patients in this phenotype more often have 
obesity or are overweight, and have diabetes and hyperten-
sion. In addition, younger age (n = 10); CKD (n = 8) and 
an imbalance of lipids (n = 11) are often reported. Several 
studies observed some form of ischaemia (IHD n = 4; CAD 

n = 3). Sex is not reported consistently; five studies men-
tion more males while four studies mention more females.

Cardio‑renal Phenotype

The cardio-renal phenotype could be assigned to 10/19 
studies in HFpEF, 3/7 studies in HFrEF and 6/8 studies in 
all HF patients. Patients clustered in this phenotype had 
CKD or worse renal function, were older and more often 

Table 4  Frequency of phenotype characteristics of the nine most common phenotypes

Phenotype Young - Low comorbidity burden Metabolic Cardio - Renal AF Elderly - Female - AF

Times 
phenotype 
was found 
in cluster 

studies

32 29 19 17 16

Percentage 
occurrence 
phenotype

s per HF 
category

89% of studies in HFpEF, 86% of 
studies in HFrEF, 88% of studies all HF 

patients

89% of studies in HFpEF, 43% in 
studies in HFrEF, 63% of studies in 

all HF patients

53% of studies in HFpEF, 43% of 
studies in HFrEF, 75% of studies 

in all HF patients

42% of studies in HFpEF, 14% 
of studies in HFrEF, 63% of 

studies in all HF patients

Characteristic Count Characteristic Count Count Count CountCharacteristic Characteristic
Low comorbidity burden 26 Diabetes 27 CKD 17 AF 17 Older 16

Young 23 Obesity 20 Older 13 Male 8 AF 16
Obesity 10 Hypertension 16 AF 11 Hypertension 4 Female 12
Mild HF 7 Younger 10 Anaemia 7 Lean/low BMI 3 Hypertension 4

Lower NT-proBNP 7 CKD 8 Hypertension 5 Higher NT-proBNP 3 Caucasian/Asian 2
Male 6 Dyslipidaemia 6 Diabetes 5 Advanced pathology 2 HFpEF 2

Female 5 Hyperlipidaemia 5 Higher NT-proBNP 5 CKD 2 Higher BNP 2
Smoking 4 Overweight/higher BMI 5 Female 4 Dyslipidaemia 2 Higher LVEF 2

Lower NYHA 4 Male 5 COPD 3 Higher comorbidity burden 2 Higher NT-proBNP 2
Lower LVEF 3 Female 4 Lean/low BMI 3 Less myocardial infarction 2 Lean/low BMI 2

Anaemia 2 OSAS 4 Higher NYHA 3 Lower LVEF 2 Stroke 2
Less advanced pathology 2 Ischaemic heart disease 4 Cardiovascular disease 2 Older 2 CAD 1

HFrEF 2 AF 3 Male 2 Pacemaker 2
Concentric 

remodelling 1
Abnormal LV relaxation 1 lower eGFR 3 Myocardial infarction 2 Younger 2 Higher heart rate 1

Amyloidosis 1 Coronary artery disease 3 Obesity 2
advanced biventricular diastolic 

dysfunction 1 Lower blood pressure 1
Coronary artery disease 1 Anaemia 2 Valvular disease 2 Anaemia 1 lower eGFR 1

Devices 1 Older 2 Worse renal function 2 Coronary artery disease 1 Lower LV parameters 1
Diabetes 1 Smoking 2 Aortic stenosis 1 CRT 1 Lung disease 1

Diastolic dysfunction 1 Black 1 Concentric hypertrophy 1 Dyspnoea 1 Mitral regurgitation 1
Eccentric Hypertrophy 1 Concentric remodelling 1 Coronary artery disease 1 Higher alcohol use 1 Renal dysfunction 1

Higher alcohol use 1 COPD 1 CVA 1 Higher BMI 1
RV afterload 

mismatch 1

Higher eGFR 1 HFpEF 1 Dyslipidaemia 1 Higher BNP 1
severe LA 

enlargement 1
Higher heart rate 1 HFrEF 1 HFpEF 1 Higher heart rate 1 Valvular disease 1

Higher NYHA 1 High comorbidity burden 1 Higher BNP 1 Higher NYHA 1
Hyperlipidaemia 1 High CVD 1 Higher CRP 1 Hyperlipidaemia 1

Ischaemic cardiomyopathy 1 High prescription rate 1 Hypothyroidism 1 Ischaemic heart disease 1

Lower BMI 1
Higher baseline 

biomarkers 1 Ischaemic heart disease 1 Larger LV mass index 1
Myocardial infarction 1 Higher BNP 1 Lung disease 1 Larger RV size 1

Non-Caucasian 1 Higher NYHA 1 Non-Caucasian 1 Lower heart rate 1
Older 1 Longer duration HF 1 Pacemaker 1 Lower NYHA 1

Subnormal LV systolic 
function 1 low CVD 1 PCI/CABG 1 More myocardial infarction 1

Lower LVEF 1
Peripheral artery 

disease 1 Valvular disease 1

Lower NYHA 1
RV/LV function 

preserved 1
Medium comorbidity 

burden 1 Valvular disease 1
More oedema 1 Worse RV function 1

Peripheral artery disease 1 Younger 1

42% of studies in HFpEF, 57% of
 studies in HFrEF, 25% of studies 
               in all HF patients 

Characteristic

Phenotypes that show comparable characteristics are highlighted in the same colour. Yellow: young-low comorbidity phenotype; light orange: 
diabetic-obesity phenotype; dark orange: cardio-renal phenotype; red: AF phenotype; purple (dark letters): old female phenotype; purple (white 
letters): hypertensive phenotype; dark violet: ischaemic-male phenotype; dark blue: valvular disease phenotype; black: devices phenotype, grey: 
other. AF Atrial fibrillation; BMI Body mass index; BNP B-type natriuretic peptide; CABG Coronary artery bypass graft; CAD Coronary artery 
disease; CHF Congestive heart failure; CHIT1 Chitotriosidase; CKD Chronic kidney disease; COPD Chronic obstructive pulmonary disease; 
CRT  Cardiac resynchronization therapy; CVA Cerebral vascular accident; CVD Cardiovascular disease; eGFR Estimated glomerular filtration 
rate; HF Heart failure; ICD Implantable cardioverter-defibrillator; IHD Ischemic heart disease; LA Left atrial; LV Left ventricle; LBBB Left 
bundle branch block; LVEF Left ventricle ejection fraction; MI Myocardial infarction; NICU Neonatal intensive care unit; NYHA New York 
heart association; OSAS Obstructive sleep apnea syndrome; PAD Peripheral artery disease; PCI Percutaneous coronary intervention; RV Right 
ventricle

Table 3  (continued)
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had AF. Also more often reported were anemia (n = 7), 
hypertension (n = 5) and diabetes (n = 5). Several CVDs 
are observed in this phenotype, including myocardial 
infarction, valvular disease and coronary artery disease. 
Sex is not reported consistently; two studies mention 
more males while four studies mention more females.

AF Phenotype

The AF phenotype could be assigned in 8/19 studies in 
HFpEF, 4/7 studies in HFrEF and 2/8 studies in all HF 
patients. This phenotype mainly includes patients with AF. 
Male sex is more reported (n = 8) as well as hypertension 
(n = 4). There are inconsistencies between clusters assigned 
to this phenotype, some studies report younger patients 
(n = 2) whereas others report older patients (n = 2).

Elderly Female AF Phenotype

The older female phenotype could be assigned in 8/19 
studies in HFpEF, 1/7 studies in HFrEF and 5/8 studies 
in all HF patients. Patients in this phenotype are elderly, 

have AF and are more often female. In addition, hyper-
tension (n = 4), higher BNP/NT-proBNP (n = 4) and 
HFpEF (n = 2) are reported.

Hypertensive‑comorbidity Phenotype

The hypertensive-comorbidity phenotype could be 
assigned in 7/19 studies in HFpEF, 3/7 studies in HFrEF 
and 4/8 studies in all HF patients. Patients clustered to 
this phenotype have hypertension as main comorbidity. 
In addition, older age (n = 5); IHD (n = 4) and COPD 
(n = 3) are often reported. Several studies reported ane-
mia, hyperlipidaemia or diabetes (all n = 2). Sex is not 
reported consistently; two studies mention more males 
while five studies mention more females.

Ischaemic‑male Phenotype

The ischaemic-male phenotype could be assigned in 2/19 stud-
ies in HFpEF, 4/7 studies in HFrEF and 5/8 studies in all HF 
patients. Patients assigned to this phenotype more often have 
ischaemic heart disease, CAD or previous myocardial infarction. 

Table 4  (continued)

Phenotype Hypertensive - Comorbidity burden Ischaemic - Male Valvular disease Devices

Times phenotype 
was found in cluster 

studies
14 16 2 4

Percentage 
occurrence 

phenotypes per HF 
category

37% of studies in HFpEF, 43% of studies in 
HFrEF, 50% of studies in all HF patients

10% of studies in HFpEF, 57% of studies in 
HFrEF, 63% of studies in all HF patients

0% of studies in HFpEF, 0% of studies in 
HFrEF, 25% of studies in all HF patients

5% of studies in HFpEF, 29% of studies in 
HFrEF, 0% of studies in all HF patients

Characteristic Count Characteristic Count Characteristic Count Characteristic Count
Hypertension 14 Male 9 Valvular disease 2 ICD/CRT 4

Female 5 Ischaemic heart disease 6 Aortic valve stenosis 1 Younger 3
Older 5 Coronary artery disease 6 Aortic valve insufficiency 1 Mild HF 2

Ischaemic heart disease 4 Myocardial infarction 6 Higher NT-proBNP 1 Older 2
COPD 3 Angina 4 Older 1 Ischaemic cardiomyopathy 2

Anaemia 2 Coronary revascularisation 3 AF 1
Male 2 ASC 2 CKD 1

Hyperlipidaemia 2 Cerebrovascular disease 2 COPD 1
Diabetes 2 Higher NYHA 2 Female 1

CKD 1 Higher LVEF 2 Higher NT-proBNP 1
Coronary artery disease 1 Acute MI 1 Higher NYHA 1

Dyslipidaemia 1 AF 1 Lean 1
Higher BMI 1 Cardiac surgery 1 Low comorbidity burden 1

Higher LVEF 1 COPD 1 Lower NYHA 1
Higher NYHA 1 Eccentric remodelling 1 Male 1

Intermediate comorbidity burden 1 HFrEF 1 Smoking 1
Lower CVD 1 Higher NT-proBNP 1 Wide QRS 1

Lower heart rate 1 Hypertension 1
Lower NT-proBNP 1 ICD/CRT 1

Lower NYHA 1 Ischaemic cardiomyopathy 1
Obesity 1 Larger slopes biomarkers 1

PCI/CABG 1 Less oedema 1
Peripheral artery disease 1 Lower BMI 1

Smoking 1 Lower LVEF 1
Stroke 1 Lower NYHA 1

Vascular disease 1 Lung disease 1
Peripheral artery disease 1

Shorter duration HF 1
Stenosis 1

Valvular disease 1
Younger 1

AF Atrial fibrillation; BMI Body mass index; BNP B-type natriuretic peptide; CABG Coronary artery bypass graft; CAD Coronary artery dis-
ease; CHF Congestive heart failure; CHIT1 Chitotriosidase; CKD Chronic kidney disease; COPD Chronic obstructive pulmonary disease; CRT  
Cardiac resynchronization therapy; CVA Cerebral vascular accident; CVD Cardiovascular disease; eGFR Estimated glomerular filtration rate; 
HF Heart failure; ICD Implantable cardioverter-defibrillator; IHD Ischemic heart disease; LA Left atrial; LV Left ventricle; LBBB Left bundle 
branch block; LVEF Left ventricle ejection fraction; MI Myocardial infarction; NICU Neonatal intensive care unit; NYHA New York heart asso-
ciation; OSAS Obstructive sleep apnea syndrome; PAD Peripheral artery disease; PCI Percutaneous coronary intervention; RV Right ventricle
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In addition, angina (n = 4); revascularisation (n = 3) are more 
often reported. Several studies also reported higher NYHA 
(n = 2). Nine studies reported more males in this phenotype.

Valvular Phenotype

The valvular phenotype could be assigned in 2/8 studies in all 
HF patients and no studies specifically in patients with HFpEF 
or HFrEF. Patients assigned to this phenotype more often have 
valvular disease as main comorbidity. Few other characteristics 
are reported.

Devices Phenotype

The devices phenotype could be assigned in 1/19 studies 
in HFpEF, 2/7 studies in HFrEF and no studies in all HF 
patients. Patients assigned to this phenotype more often 
have implantable devices such as ICD or CRT. In addition, 
they have milder HF (n = 2) and ischaemic cardiomyopathy 
(n = 2). Age is not reported consistently; 3 studies mention 
younger patients while 2 studies mention older patients.

Prognosis

The young-low comorbidity phenotype most often had the 
best prognosis compared to the other subgroups (Table 5). 
However, this trend was not present in the studies performed 
on HFrEF patients, where their outcomes were mostly 

intermediate. The group with the worst outcomes was the 
cardio-renal phenotype, and this trend can be seen across the 
EF spectrum. The AF phenotype and male-ischemic pheno-
type mostly had intermediate prognosis, a trend that was also 
present in all EF categories. The prognoses of the metabolic 
phenotype and hypertensive phenotype were highly variant 
in relation to the other phenotypes, however for the meta-
bolic phenotype it seems that their prognosis in patients with 
HFpEF is worse than in patients with HFrEF. There was not 
enough data on the prognosis of the valvular disease pheno-
type and devices phenotype to discover any trends.

Discussion

In this systematic review we examined 34 clustering studies 
in patients with HF, of which 19 studies were exclusively per-
formed in patients with HFpEF. [10, 17–33, 34•, 35–38, 39•, 
40–42, 43•, 44–49] Methodologies and phenotypes showed 
major heterogeneity in the study designs, including the types 
and sizes of the datasets, clustering algorithms, and selected 
variables. None of the clustering studies fulfilled all compo-
nents of the quality assessment, however the degree of meth-
odological limitations differed between the studies. Especially 
model validation was lacking, only eight studies performed 
external validation. There was a large overlap in clusters found 
in the studies, and we identified nine commonly described 
phenotypes: young-low comorbidity burden; metabolic; car-
dio-renal; AF; elderly female AF; hypertensive-comorbidity; 
ischaemic-male; valvular disease; and devices.

Table 5  Prognosis of the nine most common phenotypes
HFpEF HFrEF all HF

Phenotypes

Best 

Survival

(%)

Worst 

survival 

(%)

Best 

survival 

(%) (%)

Worst 

survival 

(%)

Best 

survival 

(%)

Worst 

survival 

(%)

Young-Low Comorbidity 

Burden 12 (75.0) 1 (6.3) 2 (28.6) 2 (28.6) 5 (83.3) 1 (16.7) 0 (0.0)

Metabolic 4 (22.2) 9 (50.0) 2 (50.0) 1 (25.0) 2 (50.0) 2 (50.0) 0 (0.0)

Cardio-Renal 1 (10.0) 5 (50.0) 1 (33.3) 2 (66.7) 0 (0.0) 0 (0.0) 5 (100.0)

AF 4 (44.4) 2 (22.2) 2 (33.3) 3 (50.0) 0 (0.0) 1 (100.0) 0 (0.0)

Elderly - Female - AF 0 (0.0) 3 (37.5) 0 (0.0) 0 (0.0) 1 (20.0) 4 (80.0) 0 (0.0)

Hypertensive - Comorbidity 0 (0.0) 3 (42.9) 1 (33.3) 1 (33.3) 0 (0.0) 1 (50.0) 1 (50.0)

Ischaemic - Male 1 (50.0) 0 (0.0) 1 (20.0) 2 (40.0) 0 (0.0) 3 (75.0) 1 (25.0)

Valvular disease NA NA NA NA 0 (0.0) 0 (0.0) 1 (100.0)

Devices 1 (50.0) 1 (50.0) 2 (66.7) 0 (0.0) NA NA NA

Intermediate 

survival 

(%)

Intermediate 

survival 

(%)

Intermediate 

survival 

3 (18.8)

5 (27.8)

4 (40.0)

3 (33.3)

5 (62.5)

4 (57.1)

1 (50.0)

NA

0 (0.0)

3 (42.9)

1 (25.0)

0 (0.0)

1 (16.7)

2 (100.0)

1 (33.3)

2 (40.0)

NA

1 (33.3)

AF Atrial fibrillation; HFpEF Heart failure with preserved ejection fraction; HFrEF Heart failure with reduced ejection fraction; HF Heart failure
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Qualitative Phenotype Framework

Based on the clustering studies we created a qualitative phe-
notype framework consisting of 9 phenotypes. Two pheno-
types were most consistently seen in all clustering studies: 
the young-low comorbidity burden phenotype and metabolic 
phenotype. To explain the young-low comorbidity burden 
phenotype, we hypothesize that part of these patients might 
have BNP deficiency syndrome as proposed by Shah et al. in 
2015 [10]. At least 10 cluster studies reported obesity in this 
phenotype and it is known that obesity can influence the BNP 
clearance through higher neprilysin levels and increased renal 
filtration [50]. Furthermore, especially in the studies in HFpEF, 
it could indicate that patients in this phenotype have recov-
ered HF after treatment with guideline recommended therapy. 
Another potential reason for this phenotype could be that these 
patients simply have less severe/advanced HF, which is in line 
with the better prognosis trends seen in this phenotype.

For the metabolic phenotype, both obesity and diabetes 
are prone to occur in HF patients. Obesity has been shown to 
be associated with adverse hemodynamic changes that pre-
dispose to cardiac remodelling and ventricular dysfunction 
and thus HF, also in the absence of other comorbidities [51]. 
In addition, diabetes has also been shown to be indepen-
dently associated with an increased risk of HF, cardiovas-
cular mortality, and HF hospitalization [52]. This phenotype 
appears to cluster more around patients with HFpEF com-
pared to those with HFrEF, yet can still be found across the 
EF spectrum. This confirms the notion that HFpEF patho-
physiology is more driven by metabolic disturbances and an 
inflammatory burden [53].

There were three phenotypes that all had AF as one of 
the main three components, these were the cardio-renal, 
AF and elderly-female phenotypes. These were included 
in the qualitative framework as three phenotypes as there 
were distinct differences between clusters with regards to 
presence across the EF spectrum and prognosis. Several 
studies have shown the close relation between AF and 
HF [54]. What is unique about the AF phenotype is that 
these patients often are of intermediate age and can be 
both male or female, in contrast to the elderly-female-AF 
phenotype. This phenotype also appeared across the EF 
spectrum, yet there could be differences in the patho-
physiology of this phenotype. For example, the prognosis 
of this phenotype appears to be worse in patients with 
HFrEF, whereas it appears better in patients with HFpEF. 
It is proposed that in HFrEF, AF may be a consequence 
of the HF, whereas in HFpEF, both ventricular and atrial 
myopathy may develop in parallel [54, 55]. And indeed, 
several studies reported changes in left ventricle and left 
atrium parameters. Which can be seen in the elderly-AF-
female phenotype, which was more prevalent in patients 
with HFpEF. The proportion of patients with HF and 

concomitant AF increases with age, which is very likely 
observed in this phenotype [56].

In the cardio-renal phenotype we observe the bidirec-
tional interaction between kidney function and HF [57]. 
Previous studies have shown that CKD is more common 
in patients with HFpEF, yet might play a larger role in the 
prognosis of patients with HFrEF [58, 59]. In this review 
we consistently show a worse survival regardless of EF. In 
addition, several studies reported anaemia, which could be 
a consequence of the presence of CKD [60]. Anaemia also 
independently contributes to worse prognosis in HF [61]. 
Studies have shown that treating anaemia in HF patients is 
associated with improvements of NYHA class, symptoms 
and HF hospitalisations [62, 63].

Two phenotypes occurred more frequently in the stud-
ies investigating HFrEF patients: The ischaemic-male and 
devices phenotypes. Ischaemia is one of the underlying 
cause of HF, and more often in men, where it is the main 
cause of HF [64, 65]. Patients in this cluster could have a 
variety of previous ischaemic diseases in their underlying 
disease pathology for HFrEF [66].

ICDs are implanted in patients with HF that are at risk for 
sudden cardiac death or all-cause mortality according to the 
recommendations in the guidelines as both primary and sec-
ondary prevention [4]. Primary prevention is targeted to those 
patients that have symptomatic HF (NYHA class II-III) of an 
ischaemic aetiology and LVEF ≤ 35%. Across the studies, this 
phenotype occurred mainly in HFrEF patients and was also 
seen in one study with recovered HF patients. Personalisation 
in ICD placement is a current unmet need [67]. Clustering 
could potentially play a role in this personalisation.

The hypertensive-comorbidity phenotype was character-
ised by the absence of obesity and diabetes and presence of 
comorbidities such as COPD and IHD. There are several 
diagnostic challenges in COPD and HF as clinical symptoms 
can be overlapping [68, 69]. Different characteristics could 
potentially be used to better define this phenotype, such as 
biomarkers or echocardiographic parameters.

The valvular disease phenotype was a specific phenotype 
related to hospitalised inpatients described in two studies in 
EHR data (in- and outpatients) and one based on a clinical 
trial (tertiary care or quaternary care) [44, 45]. Valve disease 
is a known aetiology for HF with a very poor prognosis, with 
the three main diseases aortic stenosis, aortic regurgitation 
and mitral insufficiency[4].

Are we There Yet? Precision Medicine for HF

There was significant overlap in the clustering outcomes 
between the various studies [10, 17–33, 34•, 35–38, 39•, 
40–42, 43•, 44–49]. Yet, differences between the clustering 
studies still exist.. This indicates that there is a lack of precision 
at least to some extent in the subgroups based on clustering.
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We hypothesize that the differences in phenotype 
descriptions could be due to differences between the 
data sources, as phenotypes characteristics are relative to 
their patient population. This limits the reproducibility 
and generalisability of the cluster models to other patient 
populations and use in routine clinical care. A potential 
solution could be readjusting or fine-tuning the current 
models using site specific information to increase the 
generalisability.

In addition, it is important to underline that we grouped 
the clusters based on reported characteristics to one of the 
nine phenotypes. It could be that there are unreported char-
acteristics that would categorize a cluster to a different phe-
notype if they were known.

Implementation and Future Perspective

Ideally, this systematic review could identify one or multi-
ple clustering studies of sufficient quality for implementa-
tion in clinical trials or in clinical practice. Due to the high 
heterogeneity and absence of a gold standard, this is not 
possible. Nonetheless, the findings of this review suggest 
that clustering is a suitable and fruitful approach for captur-
ing the underlying heterogeneity of patients with HF.

Future studies should be aware of the methodological 
caveats of clustering research and take this into account 
when performing these studies. Efforts should be directed 
towards improving the development and validation of clus-
tering as machine learning model [70]. Validating existing 
models could potentially lead to a more precise, valid and 
reliable phenotyping model that could be implemented in 
clinical trial design or as a decision tool in daily clinical 
practice.

Most importantly, we found that clusters transcend 
across the EF spectrum, indicating that clusters might not 
be limited to heterogeneity in HFpEF, but could also play 
a role in HFrEF. There were significant differences based 
on prognosis that are worth to be explored further. In addi-
tion, it has not yet been investigated whether patients could 
change between clusters over time. Longitudinal data is 
necessary to uncover any transitions over time.

Current studies should therefore be considered as hypoth-
esis generating. In the future it would be potentially be possi-
ble to investigate differences in prognosis and treatment ben-
efit in clinical trials. Differences in prognosis could be used 
to guide future trial inclusion to optimise and enrich clinical 
trials. Moreover, patients in trials could be stratified based 
on clustering models to see whether there are different treat-
ment effects. Currently, there is limited data on treatment 
heterogeneity across clusters and should be studied further. 
Investigating this would mean a step forward towards finding 
beneficial treatment options or strategies on subgroup patient 
level and in the future on individual patient level.

Strengths and Limitations

One of the strengths of this systematic review is that both 
results and methodology of the clustering studies were 
compared. This gives context to the results and can provide 
nuance in the discussion on the reliability and validity of 
the clustering studies. In addition, the large amount of clus-
tering studies and the heterogeneity of their study designs 
increase the meaningfulness of their similarities regarding 
their phenotype models. This enables us to quantify the 
degree of certainty to some extent regarding phenotype 
characteristics. Moreover, this systematic review showed a 
general overview of the requirements of unsupervised clus-
tering. In cardiology, clustering is an increasingly common 
technique for subgroup discovery, and a basic understand-
ing of the strengths, limitations, and pitfalls of cluster-
ing can help facilitate critical evaluation of these studies. 
Furthermore, at this moment we are the first systematic 
review that has performed rigorous review methodology 
and that gives an elaborate overview of both the discovered 
phenotypes and methodology.

In this systematic review, we developed a methodological 
quality assessment, as current tools suitable for clustering 
meta-analysis are non-existent and validated guidelines on 
reviewing clustering studies are lacking. Therefore, a more 
descriptive approach has been used. To compare methodol-
ogies, the quality assessment was based on a scoping review 
of Hond et al. [14•], and two practical guidelines on cluster-
ing [14•, 15, 16]. It is important to note that we could not 
always distinguish between worse performance of a study 
or only lacking to report certain aspects.

The issue of generalizability across different ethnic or 
social economic backgrounds in patients with HF has been 
debated. Some have argued that these differences may lead to 
variations in the presentation and treatment of HF that require 
separate subgroup analyses [71]. Currently, there is not 
enough evidence to support biological differences between 
different populations, therefore, it may be deemed appropri-
ate to generalize our findings to other populations. Indeed, 
three studies in an Asian population presented comparable 
phenotypes as to those with other ethnicities [43•, 48, 49].

Lastly, we grouped the clusters according to the reported 
characteristics for each study. It could be that there are other 
underlying characteristics that would change the phenotype 
assignment.

Conclusions

There were many differences between the clustering stud-
ies regarding the sizes and types of the datasets, variable 
selection, and algorithms, but they yielded comparable phe-
notypes which implies that clustering is a fruitful approach 
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for phenotype discovery. Specifically, of the 165 phenotypes 
that were described, 149 could be assigned to one of nine 
most common phenotypes: young-low comorbidity burden; 
metabolic; cardio-renal; AF; elderly female AF; hyperten-
sive-comorbidity; ischaemic-male; valvular disease; and a 
devices phenotype. These phenotypes are not limited to a 
particular EF, but rather transcended across the EF spectrum. 
Comparing methodologies of the studies showed that there 
was still room for improvement on topics concerning validity 
and reliability, especially regarding external validation. These 
methodological aspects limit the current implementation 
into clinical practice and effort should be directed towards 
improving the clinical utility of cluster analysis. Altogether, 
this systematic review is hypothesis generating and lays the 
groundwork for future research into a more precise and reli-
able phenotype model that can serve as a stratification and 
decision tool in clinical trial design and personalised medi-
cine for patients with HF.
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