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Definition 
Heart failure (HF) is a complex clinical syndrome with symptoms (e.g.

breathlessness, ankle swelling, and fatigue) and signs (e.g. elevated

jugular venous pressure, pulmonary crackles, and peripheral oedema)

that result from any structural or functional impairment of ventricular filling

or ejection of blood [3-4].

General Introduction

Prognosis
• A recent meta-analysis including over 1.5 million HF patients,

estimated the 1, 2, 5 and 10-year survival to be 87%, 73%, 57% and

35%, respectively [5].

• A very high 5-year mortality of 75% was found among almost 40,000

patients hospitalized with heart failure in the Get With The Guidelines-

Heart Failure cohort [6].

Motivation
Patients hospitalized for HF are characterized by rapid onset or

worsening of symptoms or signs, which are often life-threatening and

require urgent treatment [7]. Promptly stratifying patient’s risk can

help physicians make appropriate decisions in initial treatment [8].

Purpose
The purpose of this study was to explore phenotypes of patients with

HF corresponding to prognostic condition (risk of mortality) and

identify the phenotype for new patients combining unsupervised and

supervised machine learning methods.

Exploring and Identifying Prognostic Phenotypes of Patients

Background

# 1

Cardiovascular diseases (CVDs) are the leading cause of 

death worldwide

1 out of 3

Deaths worldwide are due to CVDs

Deaths from CVDs occur in low- and middle-

income countries

3 out of 4

[1]

[2]

Method 

a) Identified prognostic phenotypes. The survival curves

of the three phenotypes have significant difference.

Phenotype 1: high risk; n = 91; mortality = 27.5%

Phenotype 2: low risk; n = 142; mortality = 4.2%

Phenotype 3: intermediate risk: n = 91; mortality = 15.2%

b) Phenotype classification by random forest. During

internal validation (ten times), the model performed

best was selected as the final classification model.

Result

The proposed phenotype identification system combining unsupervised and supervised

machine learning methods

c) Model validation. The well-trained model classified

patients in the validation dataset into three

phenotypes, and their survival curves were checked

by Kaplan-Meier estimator and log-rank test. Survival

curves of the three phenotypes indeed have

significant difference.

Significant risk and protective factors varied by phenotypes identified

by univariate Cox proportional hazard regression analysis.

d) Predictor importance ranked by SHAP value.

Overall, age, Ccr, eGFR, LVEF and NT-proBNP

were the top5 important predictors.

e) Exact effects and cutoff values of the top2

important predictors: age and Ccr.

Interpretation

Summary 
• Machine learning methods performed

considerable potential to identify distinct

clusters and prognostic phenotypes of

patients with heart failure.

• Unsupervised method combined with

supervised model was recommended for

easier clinical deployment.

• Patients in different mortality risk levels had

significant difference in risk or protective

factors. Therefore, clinical treatment or

management plans were recommended to

be formulated or adjusted after careful

consideration of prognostic phenotypes or

risk levels.
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