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ABSTRACT

BACKGROUND Subphenotyping cardiogenic shock (CS) patients using nontraditional clustering methods represent a 
step toward precision medicine, potentially improving outcomes in this heterogeneous and high-mortality condition.

OBJECTIVES This study aimed to apply an unsupervised machine learning approach to integrate clinical and advanced 
echocardiographic data, identifying CS subphenotypes associated with different outcomes and features, beyond etiology.

METHODS This multicenter observational study prospectively analyzed 172 patients admitted to cardiac intensive care 
units with overt CS, from 2021. An exploratory statistical analysis preceded patient clustering using the Elbow Method 
and K-Means algorithm, based on clinical presentation. Dimensionality reduction was performed with principal 
component analysis. Phenotypes were further stratified according to the Society for Cardiovascular Angiography and 
Interventions stages.

RESULTS Five distinct phenotypes (I–V) were identified, showing progressively increasing in-hospital mortality rates: 
25% (I), 32% (II), 39% (III), 41% (IV), and 60% (V). Kaplan-Meier analysis demonstrated a stepwise increase in mortality 
risk. Phenotypes IV and V had significantly higher mortality than phenotype I (HR: 2.78 [95% CI: 1.07-7.19] and HR: 2.80 
[95% CI: 1.10-7.14]; P < 0.05). Mortality prediction remained independent after adjustment for confounding factors, 
and independently of Society for Cardiovascular Angiography and Interventions stage. Phenotype I had the lowest 
mortality, with higher arterial pressure and moderate left ventricular (LV) dysfunction, whereas phenotype II exhibited 
marked LV failure. Oppositely, phenotypes IV and V had severe congestion despite only mild LV impairment.

CONCLUSIONS Machine learning, newly integrating echocardiographic data, identified 5 distinct CS phenotypes, each 
with unique clinical/echocardiographic features and mortality risks. These insights could support personalized treatment 
strategies in CS patients, pending further validation. (JACC Adv. 2025;4:102257) © 2025 The Authors. Published by 
Elsevier on behalf of the American College of Cardiology Foundation. This is an open access article under the CC BY-NC-ND 
license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

ISSN 2772-963X https://doi.org/10.1016/j.jacadv.2025.102257

From the a Department of Medical Biotechnologies, Division of Cardiology, University of Siena, Siena, Italy; b Department of 
Cardio-Thoraco-Vascular Sciences, A.O. San Camillo-Forlanini, Rome, Italy; c Unit of Artificial Intelligence and Computer Sys-
tems, Department of Engineering, Università Campus Bio-Medico di Roma, Rome, Italy; d Department of Diagnostic and Inter-
vention, Radiation Physics, Biomedical Engineering, Umeå University, Umeå, Sweden; e Department of Anaesthetics and Critical 
Care, Harefield Hospital, Royal Brompton and Harefield Hospitals, Harefield, United Kingdom; f School of Cardiovascular, 
Metabolic Sciences and Medicine, King’s College London, London, United Kingdom; and the g Department of Cardiovascular 
Sciences, Clinic of Cardiology, Ancona, Italy. *These authors equally contributed as first authors. †These authors are co-last 
authors.

J A C C : AD V AN C E S VO L . 4 , NO . 1 1 , 2 0 2 5

© 2 0 2 5 T H E A U T HO R S . P U B L I S H E D B Y E L S E V I E R ON B E H A L F O F T H E AM E R I C A N

CO L L E G E O F C A R D I O L O G Y F O U N D A T I O N . T H I S I S AN O P E N A C C E S S A R T I C L E U N D E R

T H E C C B Y - N C - N D L I C E N S E ( h t t p : / / c r e a t i v e c omm o n s . o r g / l i c e n s e s / b y - n c - n d / 4 . 0 / ) .

http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
Delta:1_given-name
Delta:1_surname
Delta:1_given-name
Delta:1_surname
Delta:1_given-name
Delta:1_surname
Delta:1_given-name
Delta:1_surname
Delta:1_given-name
Delta:1_surname
Delta:1_given-name
Delta:1_surname
Delta:1_given-name
Delta:1_surname
Delta:1_given-name
Delta:1_surname
Delta:1_given-name
https://doi.org/10.1016/j.jacadv.2025.102257
http://crossmark.crossref.org/dialog/?doi=10.1016/j.jacadv.2025.102257&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/


C ardiogenic shock (CS) is a subtype of circulatory shock in which end-
organ perfusion has inadequate 

cardiac output as primum movens. It is char-
acterized by the need for vasoactive support 
and clinical signs of tissue hypoperfusion, 
together with increased serum lactate levels, 
resulting in a wide spectrum of phenotypes 
that reflect diverse etiologies, pathogenetic 
mechanisms, stages of severity, and 
patient-specific conditions. 1-4

Despite advancements in management, 
including mechanical circulatory supports 
(MCSs), CS remains associated with an 
extremely high in-hospital mortality rate, 
ranging from 30% to 60%. 1,2,5,6 As the public 
health burden of CS is expected to rise over 
time, several prognostic scores and classifi-
cations have been formulated, in order to 
best allocate available resources and appro-

priate therapeutic strategies. 7-12 Specifically, the So-
ciety for Cardiovascular Angiography and 
Interventions (SCAI) proposed a 5-stage classification 
of CS, validated in retrospective studies and recently 
updated, based on clinical assessment of hypo-
perfusion, lactate levels, and hemodynamic evalua-
tion. 12-14 Additionally, the subphenotyping of 
patients with CS continues to evolve to disentangle 
heterogeneity, and the use of an impartial machine 
learning (ML)-based clustering algorithm—which 
simplifies routine clinical data into reproducible CS 
subphenotypes—may yield new insights that could 
support more personalized care. 15 This approach has 
been effectively applied for the phenotyping of 
several clinical syndromes and disorders, 16,17 

including CS, with the identification of distinct phe-
notypes, each with specific and reproducible corre-
lations to mortality. 18,19

All these classifications include both hemody-
namic variables and indices of metabolic derange-
ment, but lack echocardiographic data, which is the 
promptest and safest diagnostic modality, 2,20 with 
relevant prognostic role. 21-26 An integrative approach 
combining clinical variables and echocardiographic 
parameters could help identify differences in un-
derlying disease mechanisms, offering insights with 
prognostic and therapeutic implications.

We primarily aimed to apply an unsupervised ML 
approach integrating clinical and imaging data 
(including advanced echocardiography) to identify 
clinically relevant CS subphenotypes associated with 
different outcomes and treatment responsiveness, as 
a promising step forward in precision medicine, 
beyond etiology. As for the secondary objectives, we 
aimed to characterize the clinical profiles and out-
comes associated with identified subphenotypes and 
their reproducibility. Finally, we sought to improve 
risk stratification of CS patients, in particular by 
defining subsets of mortality risk within the SCAI 
staging system.

METHODS

STUDY DESIGN AND POPULATION. In this prospec-
tive, observational, multicenter, nonprofit study, 
patients diagnosed with CS at admission to the 
3 Italian cardiac intensive care units were enrolled 
from November 1, 2021, to September 30, 2024 (spe-
cifically, a leading center that enrolled patients dur-
ing the aforementioned period, and 2 centers that 
enrolled patients up until November 2023). CS diag-
nosis was physician adjudicated at each site based on 
the European Society of Cardiology guidelines. 3 In 
particular, CS was diagnosed based on the presence 
of clinical signs of hypoperfusion (altered mental 
status, oliguria, cold extremities, narrow pulse pres-
sure, dizziness) associated with biochemical markers 
of hypoperfusion (elevated creatinine, metabolic 
acidosis, and elevated serum lactate), with or 
without hypotension. 3

Thus, patients underwent clinical, biohumoral, 
and echocardiographic evaluation at admission, 
within 3 hours from CS identification. Then, all the 
following clinical events were registered during the 
course of patients’ hospital stay: in-hospital mortal-
ity, major arrhythmias, use of temporary MCSs, heart 
transplantation, and/or left ventricular (LV) assist 
devices implantation.

Only adult patients (aged $18 years) were consid-
ered for analysis, and patients with incomplete data 
for key variables (in particular missing outcome data) 
were excluded. All patients provided written and 
immediate or deferred informed consent, and the 
study was conducted in accordance with the
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ACS = acute coronary
syndrome
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Declaration of Helsinki. The study was approved by 
the Tuscany Region Local Ethic Committee for Clin-
ical Trial–section south-west extended area (approval 
number: 20438).

CLINICAL, LABORATORY, AND ECHOCARDIOGRAPHIC

PARAMETERS. For each patient, the following data 
were collected and extracted from electronic health 
records: baseline demographic characteristic,

cardiovascular risk factors, number of vessels 
affected, and culprit lesion (if applicable) if acute 
coronary syndrome (ACS) etiology, vital signs, car-
diac arrest as onset, principal drugs used during 
hospitalization, blood tests at admission (including 
blood count, C-reactive protein, kidney function, 
liver function, high-sensitivity troponin, N-terminal 
pro B-type natriuretic peptide, arterial lactate levels, 
arterial oxygen saturation, central venous oxygen 
saturation), and the use of MCSs.

Echocardiography was performed by an expert 
operator using a fully equipped machine (Vivid E9, 
GE). All parameters were measured according to the 
European Association of Cardiovascular Imaging/ 
American Society of Echocardiography guidelines 27 

(Supplemental Methods). Speckle tracking echocar-
diography was performed offline using the dedicated 
2-dimensional strain software (Echopac, GE), by a 
single independent operator, for each center who 
analyzed all the images acquired by a second expe-
rienced operator in the same center (Supplemental 
Methods).

VARIABLE HANDLING AND CLUSTER ANALYSIS. An
initial statistical analysis focused on candidate vari-
ables and in-hospital mortality correlations, using 
Pearson’s correlation coefficient, was applied. Re-
sults were visualized through heatmaps, highlighting 
the strength and direction of these relationships. 
Hence, a careful selection of included variables for 
the subsequent clustering was based not only on 
their associations with in-hospital mortality but also 
on clinical judgment, reflecting underlying disease 
and pathophysiological processes, in order to avoid 
the identification of clusters based on outcomes 
rather than pathophysiology. A sensitivity analysis 
was conducted by testing clustering stability with 
and without specific variables (LV global longitudinal 
strain [GLS], lactate, right ventricular (RV) fractional 
area change). Patients with high proportions of 
missing data were excluded to ensure that overall 
missingness did not exceed 20% for imputation. 
Remaining missing continuous variables values were 
imputed using the K-Nearest Neighbors Imputer 
(K = 5). The number of variables was established 
according to the sample size (considering the For-
mann formula in which clustering analysis should 
include 2 n individuals, where n is the number 
of variables). 15

Following the exploratory analysis, clustering was 
conducted by an external expert using the K-Means 
algorithm. The number of clusters was optimized 
using the Elbow Method by evaluating the sum of 
squared distances and further validated with the

TABLE 1 Clinical and Echocardiographic Characteristics of the 
Overall Study Population at the Time of Admission in Hospital 
(N = 172)

Anthropometric and history data 
Age (y) 65 ± 14
Male (%, n) 78% (135)
BMI (kg/m 2 ) 26.4 ± 4.5
Hypertension (%, n) 54% (93)
Dyslipidemia (%, n) 56% (95)
Diabetes mellitus (%, n) 35% (60)
Current smokers (%, n) 40% (69)
Coronary artery disease (%, n) 40% (57)
Chronic kidney disease (%, n) 26% (44)

Characteristics 
Nonsurvivors (%, n) 34% (59)
ACS (%, n) 56% (97)
IABP (%, n) 52% (89)
Impella (%, n) 15% (26)
ECMO (%, n) 14% (23)
SCAI C (%, n) 62% (106)
SCAI D (%, n) 26% (45)
SCAI E (%, n) 12% (20)

Hemodynamic, laboratory, and 
echocardiographic values at presentation 
MAP (mm Hg) 73 ± 17 
HR (beats/min) 98 ± 24 
CVP (mm Hg) 13 ± 5 
ScvO2 (%) 58 ± 14 
pH 7.41 (7.31-7.47) 
Lactate (mmol/L) 4.32 ± 4.25 
Creatinine (mg/dL) 1.45 (1.05-2.22) 
ALT (U/L) 61 (28-205) 
LV EDD (mm) 57 ± 11 
LAV (mL) 76 ± 35 
LV EF (%) 22 (15-30) 
S’ TDI (m/s) 0.09 (0.07-0.12) 
RV FAC (%) 32 (25-40) 
sPAP (mm Hg) 38 (30-45)
LV GLS (%) − 6.1 ± 3.5

Values are expressed as mean ± SD or count and percentage or median (IQR). 
ACS = acute coronary syndrome; ALT = alanine aminotransferase; BMI = body 

mass index; CVP = central venous pressure; ECMO = extracorporeal membrane 
oxygenation; EDD = end-diastolic diameter; EF = ejection fraction; GLS = global 
longitudinal strain; HR = heart rate; IABP = intra-aortic balloon pump; LAV = left 
atrial volume; LV = left ventricular; MAP = mean arterial pressure; RV 
FAC = right ventricular fractional area change; SCAI = Society for Cardiovascular 
Angiography and Interventions; ScvO2 = central venous oxygen saturation; 
sPAP = systolic pulmonary artery pressure; S’ TDI = s’ wave tissue Doppler 
imaging.
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Silhouette Score, which measures clustering quality. 
Each cluster’s distinctiveness was examined in rela-
tion to in-hospital mortality as the outcome variable 
using the chi-square test. Dimensionality reduction 
was performed using principal component analysis to 
facilitate the visualization of clusters in a two-
dimensional space. The principal component anal-
ysis plot highlighted the distribution of clusters and 
their alignment with the target variable 
(Supplemental Methods).

CONVENTIONAL/TRADITIONAL STATISTICAL ANALYSIS.

All continuous variables were tested for normality 
using the Kolmogorov-Smirnov test. Continuous 
variables were expressed as mean ± SD or median 
and IQRs, and depending if 2-group or 5-group com-
parison, data were compared using the Student’s t-
test/analysis of variance or Mann-Whitney/Kruskal-
Wallis test, as appropriate. Categorical data were 
expressed as counts and percentages and were 
compared using the chi-square test. All features 
within each phenotype were described and compared 
to summarize each cluster’s key characteristics and

all phenotypes were further stratified according to 
the SCAI shock stage at admission.

Univariate and multivariate Cox regression anal-
ysis was also used to assess independent predictors 
of in-hospital mortality, with adjustment for con-
founding factors (age, sex, CS etiology, and MCSs). To 
examine the impact of phenotype membership on in-
hospital mortality, survival curves were generated by 
the Kaplan-Meier estimator and compared using the 
log-rank test. Analyses were performed by an 
external expert using the Statistical Package for 
Social Sciences software, release 30.0 (SPSS). A 
P value <0.05 was considered statistically significant 
(Supplemental Methods).

RESULTS

STUDY POPULATION. Overall, 172 CS patients were 
enrolled (mean age 65 ± 14 years, 78% [n = 135] 
male, and body mass index 26.4 ± 4.5 kg/m 2 ) 
(Supplemental Figure 1). Nearly half of patients had a 
history of hypertension (54%) and dyslipidemia 
(56%) and the use of at least one MCS was as high as

CENTRAL ILLUSTRATION Machine Learning and Echocardiographic Data for Cardiogenic Shock Phenotypes
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This machine learning–based analysis, newly integrating echocardiographic data with metabolic and hemodynamic variables, identified 5 distinct CS phenotypes.
These subgroups have been shown to be easily feasible at the bedside, each with unique mortality risks and features, including varying patterns of cardiac
dysfunction and dilatation. Hence, they lay the foundation for personalized treatment strategies and improve risk stratification beyond SCAI staging in CS patients.
CS = cardiogenic shock; RV = right ventricular; other abbreviations as in Figures 1 and 4.
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65%: intra-aortic balloon pump in 52% (89 patients), 
Impella in 15% (26), and extracorporeal membrane 
oxygenation in 14% (23). Overall in-hospital mortality 
was 34%. The most common cause of CS was ACS (56%, 
97 patients), with non-ACS etiologies accounting for 
the remaining 44% (75 patients). As for echocardio-
graphic parameters, the population showed enlarged 
left ventricle (LV end-diastolic diameter [EDD]: 
57 ± 11 mm) and left atrium (left atrial volume: 
76 ± 17 mL), and severe LV dysfunction as measured by 
LV ejection fraction (EF) of 22% (15%-30%). Right 
ventricular global function was nearly normal 
(S’ tissue Doppler imaging [S’ TDI]: 0.09 [0.07-0.12] 
m/s, RV fractional area change: 32% [25%-40%]). 
Regarding speckle tracking echocardiography pa-
rameters, patients showed a reduction in LV strain, 
with LV GLS -6.1 ± 3.5%. The general characteristics 
of the overall study population are reported in 
Table 1. No sex-based differences were present. The 
overall missingness of the data was 18%; LV GLS 
was the feature with the highest missingness (50%), 
reflecting daily practice challenges in cardiac inten-
sive care unit imaging.

PHENOTYPES OF CARDIOGENIC SHOCK. After
calculating Pearson’s correlation coefficient, age, 
creatinine, lactate level, procalcitonin, and C-reac-
tive protein showed the greatest association with in-
hospital mortality (Supplemental Figure 2). Then, 
following a careful selection to avoid the identifica-
tion of clusters based on outcomes rather than

pathophysiology, 8 final variables were included in 
the clustering analysis, including echocardiographic 
parameters: mean arterial pressure (MAP), central 
venous pressure, lactate, creatinine, LV EDD, LV EF, 
S’ TDI, and LV GLS.

An optimal cluster number of 5 was determined 
(Supplemental Figure 3).

K-Means algorithm identified 5 CS phenotypes 
labeled from I to V (Central Illustration) based on their

FIGURE 1 The 5 Distinct Cardiogenic Shock Phenotypes

Outstanding characteristics at presentation of the 5 cardiogenic shock phenotypes. CVP = central venous pressure; EDD = end-diastolic 
diameter; EF = ejection fraction; GLS = global longitudinal strain; LV = left ventricular; MAP = mean arterial pressure; S’ TDI = s’ wave 
tissue Doppler imaging.

TABLE 2 Peculiar and Distinguishing Features of Each Phenotype Compared to
the Others

Phenotype Other Phenotypes P Value

Phenotype I Non-phenotype I 
LV EDD (mm) 53 ± 10 60 ± 11 0.001
LV EF (%) 25 (20-30) 20 (15-25) <0.001

Phenotype II Non-phenotype II 
LV EDD (mm) 71 ± 8 54 ± 9 <0.001

Phenotype III Non-phenotype III 
S’ TDI (m/s) 0.08 (0.07;0.09) 0.11 (0.08-0.12) <0.001
RV FAC (%) 25 (23-30) 37 (30-42) <0.001

Phenotype IV Non-phenotype IV 
Age (y) 74 ± 11 64 ± 14 0.003
LV EF 35%-50% 50% 5% <0.001

Phenotype V Non-phenotype V 
MAP (mm Hg) 57 ± 11 75 ± 16 <0.001
Creatinine (mg/dL) 6.26 (5.40-8.81) 1.40 (1.01-2.08) <0.001

Values are mean ± SD, %, or median (IQR). 
Abbreviations as in Table 1.
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unique clinical and echocardiographic characteristics 
at presentation (Figure 1, Table 2). The principal 
component analysis plot highlighted the distribution 
of the 5 clusters and their alignment with the target 
variable (Supplemental Figure 4). Radar plot was 
used to display the deviation of clinical and echo-
cardiographic values from the mean value (Figure 2). 

Baseline key characteristics and outcomes across 
phenotypes are summarized in Table 3. Phenotype I, 
of intermediate age (66 ± 14 years) and lowest in-
hospital mortality, had a preserved MAP 
(85 ± 17 mm Hg), nearly normal kidney function 
(creatinine: 1.20 [IQR: 0.87-1.72] mg/dL), and a slight 
increase in LV EDD (53 ± 10 mm; P = 0.006) with a 
moderate reduction in LV EF and LV GLS (respec-
tively, 25% [IQR: 20%-30%] and − 6.6% ± 2.5%; 
P < 0.001) (with LV GLS intraclass correlation coef-
ficient: 0.99 [IQR: 0.99-0.99]). Phenotype II exhibi-
ted similar metabolic and hemodynamic features 
relative to phenotype I, but, interestingly, marked LV 
dilation (EDD: 72 [IQR: 66-76] mm; P < 0.001) and

dysfunction (LV EF: 15 (IQR: 12-20) %; P < 0.001) and 
preserved RV function (S’ TDI: 0.09 [IQR: 0.07-0.11] 
m/s). Phenotype III, of intermediate age (65 ± 15 years) 
and in-hospital mortality, primarily showed RV 
dysfunction (RV fractional area change: 25 [IQR: 23-
30] %; P < 0.001; S’ TDI: 0.08 [IQR: 0.07-0.09] m/s; 
P < 0.001; free wall RV longitudinal strain:
− 13.5 ± 5.9%; P = 0.003) and a higher grade of lactate 
level (5.9 ± 5.5 mmol/L), systemic congestion (central 
venous pressure: 18 ± 4 mm Hg, P < 0.001), and renal 
dysfunction (creatinine: 1.66 [1.29-2.40] mg/dL). 
Conversely, phenotype IV, of older age (74 ± 11 years, 
P = 0.003), and phenotype V showed the highest in-
hospital mortality associated with elevated lactate, 
relevant systemic congestion (central venous pres-
sure: 13.0 ± 7 mm Hg and 15.0 ± 4 mm Hg, respectively) 
but only a mild reduction in LV EF (50% [IQR: 43%- 
60%] and 31% [IQR: 25%-40%], for each), with pre-
served LV dimension (EDD: 49 ± 4 mm and 52 ± 5 mm, 
respectively) and RV function. In addition, pheno-
type V exhibited severe hypotension (MAP: 
57 ± 11 mm Hg; P < 0.001) associated with 
severe renal dysfunction (creatinine: 6.26 [IQR: 
5.40-8.81] mg/dL; P < 0.001). 

As for CS etiology, the majority of patients in 
phenotype I, IV, and V had ACS-related CS, ac-
counting for 72%, 71%, and 80% of cases, respec-
tively. In contrast, 82% of patients with phenotype II 
and 51% with phenotype III had non-ACS-related 
CS. No statistically significant difference regarding 
the etiology was observed between phenotype I 
and phenotype IV (P = 0.842) or phenotype V 
(P = 0.640). 

Finally, no statistically significant differences 
were found in the use of vasoactive agents (P = 0.253) 
and in MCS across all the phenotypes (P = 0.332; 
specifically: P = 0.149 for IABP; P = 0.653 for Impella; 
P = 0.199 for ECMO; P = 0.767 for ECMO + IABP; 
P = 0.306 for ECMO + Impella).

ASSOCIATION OF PHENOTYPES WITH OUTCOME.

In-hospital mortality rates progressively increased 
across the phenotypes, with rates of 25%, 32%, 39%, 
41%, and 60% for phenotype I through V, respec-
tively (Supplemental Figure 5). Univariate Cox 
regression analysis revealed a statistically significant 
rise in mortality corresponding to higher phenotype 
classification. Cox regression analysis also revealed 
that, relative to phenotype I, patients with pheno-
type V and IV were at highest risk of mortality (HR: 
2.78 [95% CI: 1.07 to 7.19] and HR: 2.80 [95% CI: 1.10-
7.14], respectively). At multivariate analysis, pheno-
types predicted mortality also after adjusting for 
confounding factors (age, sex, ACS-related etiology,

FIGURE 2 Phenotype Clinical and Echocardiographic Trends

This radar plot illustrates the distribution for each phenotype of clinical and echocar-
diographic variables. Data were normalized across all phenotypes. The dashed gray line 
marks the mean values. Values above the mean are drawn outside the dashed line, 
whereas values below are drawn inside. The creatinine value scale for phenotype V has 
been reduced (as indicated by the double lines on the purple line) to better adjust the 
relationships between the other phenotypes and the mean. LAC = lactate; other ab-
breviations as in Figure 1.
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MCS utilization; adjusted HR: 1.29, [95% CI: 1.07-
1.57]; P = 0.009) (Table 4).

Survival analysis by Kaplan-Meier showed a step-
wise increase in mortality for the 5 clusters (Figure 3); 
the log-rank tests between all survival curves of the 
different phenotypes showed a P = 0.109, but a sta-
tistically significant difference in cumulative survival

between phenotype I and phenotype V (chi-square 
4.880; P = 0.027) or phenotype IV (chi-square 5.652; 
P = 0.017) was observed.

PHENOTYPES AND SCAI STAGES. We compared the
distribution of each phenotype with regard to their 
SCAI shock stage at admission (Figure 4): within each

TABLE 3 Characteristics and Outcomes by Phenotypes at the Time of Admission or During the Hospital Stay

Phenotype I 
(n = 63)

Phenotype II 
(n = 28)

Phenotype III 
(n = 54)

Phenotype IV 
(n = 17)

Phenotype V 
(n = 10)

P Value

All
Phenotype 
I and IV

Phenotype 
I and V

Anthropomethric and history data 
Age (y) 66 ± 14 59 ± 12 65 ± 15 74 ± 11 67 ± 10 0.023 0.021 0.788
BMI (kg/m 2 ) 26.6 ± 4.8 25.6 ± 4.9 26.8 ± 4.6 26.6 ± 3.4 24.8 ± 3.6 0.647 0.984 0.198
Male sex (%, n) 75% (47) 82% (23) 80% (43) 77% (13) 80% (8) 0.972 0.955 0.791
Hypertension (%, n) 55% (35) 46% (13) 49% (27) 65% (11) 70% (7) 0.607 0.541 0.391
Dyslipidemia (%, n) 58% (37) 57% (16) 49% (27) 47% (8) 70% (7) 0.720 0.418 0.499
Diabetes mellitus (%, n) 39% (25) 11% (3) 36% (20) 35% (6) 60% (6) 0.029 0.707 0.227
Current smokers (%, n) 39% (25) 54% (15) 33 (18) 41% (7) 40% (4) 0.566 0.854 0.985
Coronary artery disease (%, n) 27% (17) 54% (15) 27% (15) 29% (5) 50% (5) 0.089 0.901 0.150
Chronic kidney disease (%, n) 22% (14) 29% (8) 22% (12) 12% (2) 80% (8) 0.001 0.312 <0.001

Data at CICU admission 
ACS (%, n) 72% (46) 18% (5) 47% (26) 71% (12) 80% (8) <0.001 0.871 0.640
MAP (mm Hg) 85 ± 17 70 ± 12 67 ± 12 71 ± 16 57 ± 11 <0.001 0.007 <0.001
HR (beats/min) 97 ± 24 95 ± 26 104 ± 22 93 ± 29 82 ± 21 0.072 0.646 0.087
CVP (mm Hg) 10 ± 4 9 ± 4 18 ± 4 13 ± 7 15 ± 4 <0.001 0.062 0.009
SCAI C (%, n) 76% (48) 39% (11) 59% (32) 71% (12) 40% (4) 0.006 0.559 0.019
SCAI D (%, n) 16% (10) 43% (12) 28% (15) 29% (5) 30% (3) 0.102 0.216 0.278
SCAI E (%, n) 7% (5) 18% (5) 13% (7) - 30% (3) 0.111 0.282 0.038
IABP (%, n) 52% (33) 54% (15) 33% (18) 59% (10) 30% (3) 0.149 0.543 0.799
Impella (%, n) 14% (9) 4% (1) 11% (6) 6% (1) 10% (1) 0.653 0.531 0.738
ECMO (%, n) 6% (4) 11% (3) 13% (7) - - 0.199 - -
IABP + ECMO (%, n) 6% (4) 7% (2) 7% (4) - - 0.767 0.322 0.534
Impella + ECMO (%, n) 3% (2) 4% (1) 9% (5) - - 0.306 0.630 0.667

Laboratory values 
ScvO2 (%) 59 ± 10 57 ± 16 57 ± 16 49 ± 14 65 ± 21 0.589 0.242 0.386
Lactate (mmol/L) 3.9 ± 3.1 3.0 ± 3.8 5.9 ± 5.5 3.1 ± 2.0 4.2 ± 5.0 0.034 0.693 0.440
pH 7.41 (7.31-7.47) 7.47 (7.43-7.50) 7.39 (7.23-7.46) 7.36 (7.28-7.45) 7.38 (7.35-7.41) <0.001 0.268 0.328
Creatinine (mg/dL) 1.20 (0.87-1.72) 1.38 (0.98-2.14) 1.66 (1.29-2.40) 1.24 (0.98-1.59) 6.26 (5.40-8.81) <0.001 0.811 <0.001
ALT (U/L) 51 (25-107) 62 (24-157) 91 (46-463) 34 (23-73) 23 (19-1,110) <0.001 0.508 0.540

Echocardiographic parameters 
LV EDD (mm) 53 ± 10 71 ± 8 56 ± 9 49 ± 4 52 ± 5 <0.001 0.114 0.599
LAV (mL) 68 ± 28 99 ± 34 77 ± 35 65 ± 18 97 ± 32 0.016 0.610 0.066
LV EF (%) 25 (20-30) 15 (12-20) 15 (15-20) 50 (43-60) 31 (25-40) <0.001 <0.001 0.170
S’ TDI (m/s) 0.11 (0.09-0.13) 0.09 (0.07-0,11) 0.08 (0.07-0.09) 0.12 (0.11-0.17) 0.08 (0.07-0.10) <0.001 0.228 0.013
RV FAC (%) 40 (31-45) 35 (25-40) 25 (23-30) 40 (28-42) 30 (20-36) <0.001 0.835 0.021
sPAP (mm Hg) 35 (30-40) 42 (35-55) 40 (35-50) 35 (18-53) 44 (35-58) <0.001 0.822 0.063
LV GLS (%) − 6.6 ± 2.5 − 4.0 ± 2.0 − 4.2 ± 1.7 − 13.1 ± 3.2 − 5.2 ± 2.2 <0.001 <0.001 0.399

Outcome 
Nonsurvivors (%, n) 25% (16) 32% (9) 38% (21) 41% (7) 60% (6) 0.202 0.017 0.027
HTx (%, n) 5% (3) 29% (8) 6% (3) - - <0.001 0.282 0.412
LVAD (%, n) 6% (4) 7% (2) 7% (4) - - 0.728 0.282 0.412

Values are mean ± SD, % (n), or median (IQR).
CICU = cardiac intensive care unit; HTx = heart transplant; LVAD = left ventricular assist device; other abbreviations as in Table 1.
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phenotypes, the SCAI staging further stratified mor-
tality. Moreover, within each SCAI stage (C-E), the 5 
phenotypes further stratified mortality. Eventually, 
at bivariate Cox regression analysis, phenotypes 
predict mortality independently of SCAI stage (HR: 
1.24; 95% CI: 1.01-1.53; P = 0.041) (Table 5).

DISCUSSION

To date, this is the first prospective, multicenter 
study to identify CS subphenotypes through an ML 
algorithm, using not only clinical variables but also 
echocardiographic data, beyond etiology.

These phenotypes differ in hemodynamic and 
metabolic characteristics, as well as in cardiac 
structure and function, suggesting the presence of

distinct clinical groups that are expected to correlate 
with in-hospital mortality, providing a foundation 
for personalized treatment strategies in CS patients 
(all distinctive characteristics of phenotypes have 
significant P values). The widespread availability and 
rapid execution of echocardiography allow for the 
seamless integration of this information, making this 
phenotyping approach easily feasible at bedside. In 
this direction, our results showed that marked car-
diac dysfunction and dilatation were not a major 
discriminator of worse prognosis across all the phe-
notypes, according with limited studies that 
demonstrated the lack of association between severe 
LV dysfunction and mortality. 24-26

KEY FEATURES OF THE 5 PHENOTYPES. Considering
a total of 172 patients, the population was signifi-
cantly representative of overt CS (SCAI stage C-E), 
and 65% patients received at least one mechanical 
device for cardiac/circulatory support, ranging from 

intra-aortic balloon pump to extracorporeal mem-
brane oxygenators. Phenotype I, that showed the 
lowest mortality and predominantly ACS-related 
etiology, had a higher MAP, normal kidney func-
tion, and a slight increase in LV diameter with a 
moderate reduction in EF and LV GLS. Phenotype II, 
also associated with lower mortality, exhibited 
similar metabolic and hemodynamic features but, 
interestingly, marked LV dilation and dysfunction 
and normal RV function, identifying younger pa-
tients probably with a history of dilated cardiomy-
opathy. Phenotype III primarily identified CS patients 
of intermediate age and in-hospital mortality, with 
relevant RV dysfunction combined with marked 
systemic congestion and metabolic and renal 
impairment. Otherwise, phenotype IV mainly detec-
ted older and ACS-related CS patients associated with 
the highest mortality, alongside phenotype V. In 
addition, phenotype V was distinguished by a 
marked state of hypotension associated with a 
potentially consequent severe renal dysfunction.

THE EMERGING AND ADDITIONAL ROLE OF THE 5

PHENOTYPES. Many of the phenotypes’ clinical 
characteristics align with established clinical scores 
and classifications, reinforcing the concepts that he-
modynamic and metabolic parameters are associated 
with increased mortality. 8,9,12,28-32 Either phenotypes 
IV and V showed relevant metabolic impairment and 
systemic congestion, but only a mild reduction in LV 
EF with normal LV dimension and RV function, sug-
gesting that cardiac function differs between phe-
notypes and metabolic derangements can occur in 
the absence of a marked reduction in LV EF. In this

TABLE 4 Multivariate Cox Analysis Adjusting Phenotype 
Classification for Confounding Factors

B HR 95% CI P Value

Phenotype 0.26 1.29 1.07-1.57 0.009
Age 0.06 1.06 1.04-1.09 <0.001
Female sex 0.08 1.09 0.60-1.97 0.789
ACS-related etiology 0.67 1.94 1.08-3.49 0.026
MCS − 0.12 0.89 0.49-1.59 0.697

B = regression coefficient; MCS = mechanical circulatory support; other 
abbreviation as in Table 1.

FIGURE 3 Association of Phenotypes With Outcome
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sense, it is becoming increasingly necessary to 
consider circulatory shock —thus including CS—as a 
syndrome that originates from hemodynamic alter-
ations of various causes but progresses toward a 
common final pathway of metabolic derangement, 
ultimately evolving into a cellular and mitochondrial 
pathology that influences outcome.

Moreover, Berg-Hansen et al demonstrated in a 
recent study that LV GLS proved as a superior pre-
dictor of short-term mortality in patients with CS 
compared with LV EF (which was not associated with 
in-hospital mortality), indicating that regular LV GLS 
assessment could improve risk stratification in this 
cohort. 21 In our study, clustering was also performed 
using LV GLS as a variable to evaluate functional 
cardiac alterations across different phenotypes. The 
results revealed that LV GLS impairment occurred 
alongside a decline in LV EF; however, since the 
higher sensitivity, LV GLS could give an earlier ability 
to predict overall prognosis, particularly in the cur-
rent era, characterized by automated software 
equipped with artificial intelligence algorithms.

In addition, these subgroups transcend the 
concept of etiology-based phenotyping, which re-
mains difficult due to the inherently heterogeneous 
population even within ACS-related CS category.

Indeed, the correlation between phenotypes and 
in-hospital mortality is independent of the CS 
etiology.

Phenotypes could also provide support to SCAI 
staging system: in our analysis, within each pheno-
type, the SCAI staging further stratified mortality, 
even if SCAI stage E in phenotypes II, III, and IV was 
relatively underrepresented; this may be at least 
partially explained by the fact that SCAI classification 
is dynamic and patients may progress to higher 
stages during hospital stay. 26 Furthermore, within 
each SCAI stage (C-E), the 5 phenotypes further 
stratified mortality, and phenotypes predicted mor-
tality independently of SCAI stage, even after 
adjustment for confounding factors. Hence, the 
phenotypes seem to be compatible with the SCAI

FIGURE 4 Phenotypes and SCAI Stages

In-hospital mortality according to the SCAI shock classification and cardiogenic shock phenotype. SCAI = Society for Cardiovascular Angi-
ography and Interventions.

TABLE 5 Bivariate Cox Analysis Including Phenotype and 
Society for Cardiovascular Angiography and Interventions

B HR 95% CI P Value

Phenotype 0.216 1.24 1.01-1.53 0.041
SCAI stage 0.400 1.49 1.06-2.09 0.021

Abbreviation as in Table 1.
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stage at admission and may provide further support 
for it in more personalized therapy.

THE ADDITIONAL ROLE OF CLUSTERING METHODS.

Clustering methods have been effectively utilized for 
phenotyping CS patients in different studies: Soussi 
et al individuated 4 biomarker-driven CS sub-
phenotypes, 33 while Zweck et al employed K-Means 
algorithm to identify 3 subgroups based on 6 admis-
sion laboratory selected variables. The 3 clusters 
individuated were labeled as “noncongested,” “car-
diorenal,” and “cardiometabolic” subgroups based 
on their clinical characteristics. 18,19,34 Using K-means 
clustering to subphenotype patients with CS could 
offer some advantages: one of the main strengths of 
K-means lies in its simplicity and interpretability, 
making it an accessible tool for exploratory analysis. 
The algorithm’s computational efficiency is particu-
larly well-suited to data sets of moderate size, such 
as in this study. Moreover, as an unsupervised 
method, K-means does not require labeled data, 
which is particularly advantageous when the goal is 
to uncover hidden patterns or identify novel pheno-
types based on clinical features. Using this method, 
we found 5 phenotypes based not only on their 
clinical variables (as in previous studies) but also on 
echocardiographic characteristics at presentation 
which differ from each other, suggesting the indi-
viduation of distinct clinical clusters.

STUDY LIMITATIONS. Major limitations of this study 
include the limited number of patients and clinical 
variables, the inability to assess long-term outcomes 
and the lack of an external validation to other inde-
pendent CS cohorts, which is important to assess the 
reproducibility of the analysis. Results at this stage 
may not be generalized to other settings/populations 
with a different demographic/therapeutic profile. 
Further larger prospective studies that account for 
temporal changes in patients’ parameters are needed, 
to capture the potential transition between pheno-
types during hospitalization. Moreover, the ML 
method assumes that clusters are spherical and 
evenly distributed in the feature space, which may 
not align with the complex, heterogeneous nature of 
clinical data. Furthermore, the algorithm is sensitive 
to outliers, which can disproportionately impact the 
positioning of cluster centroids, and its limited ca-
pacity to handle high-dimensional data effectively 
without preprocessing. Excluding patients with 
>20% missing data or missing outcomes may have

introduced selection bias, though limited by the 
small number excluded. Finally, the dependence of 
speckle-tracking echocardiography on image quality 
should be considered, reflecting daily practice chal-
lenges in cardiac intensive care unit imaging, though 
sensitivity analysis confirmed the robustness of 
clustering results even when LV GLS was excluded. A 
central adjudication was performed only for the LV 
GLS and for clustering analysis.

CONCLUSIONS

This ML-based analysis, newly integrating echocar-
diographic data with metabolic and hemodynamic 
variables, identified 5 distinct CS phenotypes. These 
subgroups have been shown to be easily feasible at 
the bedside, each with unique mortality risks and 
features, including varying patterns of cardiac 
dysfunction and dilatation. Hence, they lay the 
foundation for personalized treatment strategies and 
improve risk stratification beyond SCAI staging in CS 
patients.
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PERSPECTIVES

COMPETENCY IN MEDICAL KNOWLEDGE: This 
ML-based analysis, newly integrating echocardio-
graphic data, identified 5 distinct CS phenotypes. 
These have been shown to be easily feasible at the 
bedside, each with unique clinical characteristics and 
mortality risks, laying the foundation for personalized 
treatment strategies in CS patients.

TRANSLATIONAL OUTLOOK: Further external 
validation of the 5 CS phenotypes to other indepen-
dent CS cohorts, and additional investigations that 
account for trajectories of patients across pheno-
types, could establish their role in enhancing clinical 
outcomes.
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