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Hypertrophic cardiomyopathy (HCM) is a heterogeneous disease where, despite recent advances, accurate diagnosis, risk stratification, and perso
nalized treatment remain challenging. Artificial intelligence (AI) offers a transformative approach to HCM by enabling rapid, precise analysis of com
plex data. This article reviews the current and potential applications of AI in HCM. AI enhances diagnostic accuracy by analysing electrocardiograms, 
echocardiography, and cardiac magnetic resonance images, differentiating HCM from other forms of left ventricular hypertrophy, identifying subtle 
phenotypic variations, and standardizing myocardial fibrosis assessment. Multimodal AI-driven approaches improve risk stratification, therapeutic 
decision-making, and monitoring of both established and novel therapies, such as cardiac myosin inhibitors. Emerging AI-driven in silico trials and 
digital twin platforms highlight the potential of combining data-driven and knowledge-based AI with biophysical models to simulate patient-specific 
disease trajectories, supporting preclinical evaluation and personalized care. As a multidisciplinary case study, the SMASH-HCM consortium is pre
sented to illustrate how digital twin technologies and hybrid modelling can bring AI into clinical practice. Integration of genetic data further enhances 
AI’s ability to identify at-risk individuals and predict disease progression. However, widespread AI applications raise concerns regarding data privacy, 
ethical considerations, and the risk of biases. Guidelines for researchers and developers—e.g. on trustworthy AI, regulatory frameworks, and trans
parent policies—are essential to address these possible pitfalls. As AI rapidly evolves, it has the potential to revolutionize drug discovery, disease 
management, and the patient journey in HCM, making interventions more precise, timely, and patient-centred.
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Introduction
Hypertrophic cardiomyopathy (HCM) is a genetically determined heart 
disease characterized by unexplained left ventricular hypertrophy 
(LVH) that is not attributable to conditions such as hypertension or 
aortic stenosis.1 It is often associated with allelic variants in sarcomere 
proteins, leading to disorganized myocardial architecture, increased 
myocardial stiffness, and impaired ventricular relaxation.1 Given its 
phenotypic heterogeneity and variability in treatment response, the 
management of HCM requires a patient-tailored approach encompass
ing symptom control, risk stratification for sudden cardiac death (SCD), 
and definition of therapeutic strategies ranging from pharmacological 
management, septal reduction therapies, and implantable cardioverter- 
defibrillators (ICDs).1

In recent years, advances in artificial intelligence (AI), enabled by sig
nificant increases in computational power, the availability of large and 
diverse databases, and the development of new theories and algo
rithms, have added a new dimension to the diagnosis, risk stratification, 
and management of HCM. AI-based algorithms hold the potential to 
significantly improve diagnostic accuracy in HCM by evaluating multiple 

data, like electrocardiogram (ECG), echocardiogram, and cardiac mag
netic resonance (CMR) imaging (Graphical Abstract).

We here review novel, AI-driven approaches aimed at improving the 
detection of subtle phenotypic variations, predicting clinical outcomes, 
and evaluating response to treatment. We conducted a non-systematic 
search of the PubMed database using the keywords ‘artificial intelligence 
AND hypertrophic cardiomyopathy’; studies were selected based on 
their clinical relevance, methodological quality, and impact on the field. 
The SMASH-HCM project is also introduced as a multidisciplinary imple
mentation initiative, integrating AI research, clinical data, and biophysical 
modelling to create real-world digital health solutions in HCM.

Overview of artificial intelligence
An AI system refers to a machine-based system that is designed to op
erate with varying levels of autonomy, that may exhibit adaptiveness, 
and that infers, from the input it receives, how to generate predictions, 
content, or recommendations.2 The various branches of AI have many 
applications in cardiology and are expected to change the landscape of 
disease diagnosis, treatment planning, and patient management.
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Machine learning (ML) is a branch of AI that focuses on creating al
gorithms that can learn from data and make predictions or decisions 
without being explicitly programmed to perform those tasks.3 Deep 
learning (DL) is a specialized subset of ML that uses multi-layer artificial 
neural networks to model complex patterns in large datasets. These 
deep neural networks are particularly effective when trained on exten
sive, well-annotated datasets.3 Convolutional neural networks 
(CNNs) are a type of DL model specifically designed to process struc
tured grid data, such as ECG and images. ML and DL, by combining 
large datasets of signals with other sources of patient information— 
such as genetic profiles, clinical history, biophysical computer 
models, and unstructured data—may enhance phenotyping, improve 
arrhythmic risk prediction, and uncover the complex mechanisms link
ing genetic backgrounds, structural abnormalities, and functional 
phenotypes.4

Natural language processing (NLP) is an AI discipline that focuses 
on the interaction between computers and human (natural) lan
guage.3 NLP techniques enable machines to understand, interpret, 
and generate human language, which is particularly useful for extract
ing information from unstructured text data in electronic health 
records.3

By integrating AI into clinical workflows, healthcare providers 
can access a more concise and comprehensive synthesis of available 
data, facilitating a holistic understanding of HCM (Figure 1). This 
can lead to improved patient outcomes through personalized treat
ment approaches and targeted risk management. Table 1 sum
marizes key studies on AI in HCM, whereas Table 2 details their 
methodological features and performance metrics. To illustrate 

the evolution of AI applications in this field, we have also included 
a graphical timeline (Figure 2).

Applications of artificial intelligence 
in hypertrophic cardiomyopathy
Early detection of HCM
AI algorithms analyse cardiac signals by learning abstract data represen
tations associated with different features of disease, such as on electric 
vectors, wall thickness, distribution of hypertrophy, myocardial texture, 
and ventricular morphology.4 The ECG is a non-invasive, primary, inex
pensive tool to diagnose cardiac abnormalities, and it is therefore used 
as an early screening tool for cardiovascular diseases.

In 1998, Ouyang et al. conducted one of the earliest AI-ECG studies 
on 79 patients with HCM, using supervised ML for diagnosing the hyper
trophic portions of HCM.5 In 2019, Tison et al. developed an AI model 
combining ML and DL to analyse 36 186 raw ECG recordings, aiming to 
estimate cardiac structure parameters like LVH and detect different dis
eases. Among these, HCM was identified with good discrimination [area 
under the curve (AUC) 0.91], mainly driven by ST-T alterations in lead 
V1, prolonged P wave, QT and PR intervals, and QRS features in 
lead aVR.6

In 2020, the Mayo Clinic developed an AI-ECG model for HCM de
tection from standard 12-lead ECG alone.7 Raw ECG data from 2448 
HCM patients and 51 153 non-HCM age- and sex-matched controls 
were used to test and train a CNN. ECGs with the presence of 
ventricular pacing or left bundle branch block were not included. 

Figure 1 Diagram illustrating AI taxonomy and the different applications in HCM. The figure illustrates the hierarchy of AI models, with ML encom
passing DL, which includes CNNs, and NLP as a separate approach. AI applications in HCM, such as risk stratification, diagnosis, imaging analysis, geno
type prediction, and patient management, are linked to their respective models using colour-coded arrows: blue for ML, yellow for DL, red for CNNs, and 
green for NLP. Overlapping connections indicate that multiple models can contribute to the same application, highlighting AI’s versatility in HCM man
agement. CNN, convolutional neural network; DL, deep learning; ECG, electrocardiogram; AI, artificial intelligence; CMI, cardiac myosin inhibitor; LVH, 
left ventricular hypertrophy; CMR, cardiac magnetic resonance; HCM, hypertrophic cardiomyopathy; ML, machine learning; NLP, natural language pro
cessing; oHCM, obstructive hypertrophic cardiomyopathy.
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The AUC in the testing dataset was 0.96 [95% confidence interval (CI) 
0.95–0.96], performing particularly well in younger patients (sensitivity, 
95%; specificity, 92%). This model was later tested as a screening tool in 
a paediatric HCM population, demonstrating accurate detection of 
HCM regardless of sex or genotype.8 However, a key limitation in early 
detection algorithms is the high false-positive rates and, notably, the 
challenge of distinguishing true early HCM from other causes of LVH, 
such as aortic stenosis or hypertensive heart disease. Ko et al.7 specif
ically trained their CNN model to differentiate HCM from aortic sten
osis and LVH, partially addressing this critical diagnostic step. This 
distinction is essential for clinical accuracy, particularly when applying 
AI to general population screening in terms of healthcare costs. 
Given the potential high false-positive rates of AI-ECG diagnosis of 
HCM, Maanja et al. developed a clinical score (HCM-DETECT) incorp
orating variables such as age, coronary artery disease, and prior 

pacemaker or valve surgery to refine prediction.9 Their findings high
light that many false-positive results are driven by non-HCM-related 
LVH, QRS widening, or ST-segment deviations—features that reduce 
specificity and risk over-diagnosis. The tandem use of AI with clinical fil
tering helps mitigate this issue, but the risk of overburdening healthcare 
systems with unnecessary follow-up remains a concern.

Additionally, these studies have several limitations that restrict their 
immediate generalizability. First, these AI-ECG models have been 
tested in single-centre, retrospective cohorts, raising concerns about 
their overfitting. To address this, Siontis et al. recently conducted an 
external validation study applying the Mayo Clinic AI-ECG algorithm 
to three independent international cohorts.10 This study included 
773 patients with HCM and 3867 controls across diverse ethnic back
grounds (54.6% East Asian, 43.2% White, 2.2% Black) and demon
strated that the algorithm maintained high performance (AUC, 0.92; 

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Table 1 Summary of main studies investigating the application of artificial intelligence to different diagnostic 
techniques in HCM

Data source Early detection Differential diagnosis Deeper 
genetic 
insights

Better risk stratification Evaluation of 
treatment efficacy

ECG and related 
techniques

• Diagnosis of HCM at 
ECG7–9,43 or wearable 

biosensors11

• ECG-based 
identification of 

hypertrophic segments5

Tracking of treatment 
response in HCM 

patients receiving 

mavacamten43

Echocardiography HCM diagnosis among 
individuals with LVH13

Differentiation of common 
aetiologies of LVH (i.e. 

HHD, HCM, and CA)20–23

Prediction of 
positive 

genotype27

CMR • Automated 
quantification of LV 

volumes and function14

• Automated 
measurement of T1, 

ECV,15 and MWT16

• Automated myocardial 
segmentation and 

quantification of 

myocardial fibrosis17

• Contrast-sparing 

diagnosis of HCM18,19

Distinguishing different 
cardiomyopathies or 

causes of LVH24,25

• Prediction of 
positive 

genotype29

• Better 
genotype— 

phenotype 

correlations30

LGE-based arrhythmic risk 
stratification41

Multimodal 
evaluation

Determination of LVH 
aetiology based on joint 

interpretation of 12-lead 

ECG and 
echocardiogram26

• Prediction of 
positive 

genotype28

• VUS 
pathogenicity 

prediction32

• Improvement of existing 
HCM risk-stratification 

tools34

• Development of new 
HCM risk-stratification 

tools in terms of AF,35

VAs,38 HF and disease 
progression,36,39 and 

MACE33,37,40,42

Multiparametric 
evaluation of 

mavacamten 

effects44 and 
therapeutic 

response45

CA, cardiac amyloidosis; CMR, cardiac magnetic resonance; CVD, cardiovascular disease; ECV, extracellular volume; HF, heart failure; HHD, hypertensive heart disease; HCM, 
hypertrophic cardiomyopathy; LGE, late gadolinium enhancement; LVH, left ventricular hypertrophy; MACE, major adverse cardiovascular events; MWT, maximum wall thickness; 
SCD, sudden cardiac death; VUS, variant of unknown significance.
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ču

lin
, 2

02
236

18
60

 H
C

M
 p

ts
Si

ng
le

-c
en

tr
e

N
o

C
lin

ic
al

 

EC
G

 
Ec

ho
 

C
M

R

To
 m

od
el

 t
he

 p
at

ie
nt

’s 

cl
in

ic
al

 s
ta

tu
s 

up
 t

o 
10

 
ye

ar
s 

ah
ea

d

Th
e 

be
st

-p
er

fo
rm

in
g 

ra
nd

om
 fo

re
st

 

m
od

el
 im

pr
ov

ed
 R

2 
fr

om
 0

.3
 to

 0
.6

N
o

Re
tr

os
pe

ct
iv

e

Rh
ee

, 2
02

433
21

11
 H

C
M

 p
ts

Tw
o 

ce
nt

re
s

Ye
s

C
lin

ic
al

 
Ec

ho
To

 p
re

di
ct

 M
A

C
E 

(a
ll-

ca
us

e 
de

at
h,

 H
F-

ad
m

, a
nd

 

st
ro

ke
)

Ex
te

rn
al

 v
al

id
at

io
n 

co
ho

rt
: A

U
RO

C
 fo

r 
M

A
C

E 
of

 0
.7

7
N

o
Re

tr
os

pe
ct

iv
e

Al
 W

az
za

n,
 

20
24

38

43
4 

H
C

M
 p

ts
Tw

o 
ce

nt
re

s
N

o
LV

 
lo

ng
itu

di
na

l 

st
ra

in

To
 p

re
di

ct
 V

A
s

4 
cl

us
te

rs
 id

en
tifi

ed
N

o
Re

tr
os

pe
ct

iv
e

Zh
ao

, 2
02

442
75

8 
H

C
M

 p
ts

 (
53

3 
in

te
rn

al
 a

nd
 2

25
 

ex
te

rn
al

 c
oh

or
t)

M
ul

tic
en

tr
e

Ye
s

C
lin

ic
al

 
C

M
R

To
 p

re
di

ct
 M

A
C

E 
(V

A
s, 

SC
D

, H
F,

 a
nd

 A
F-

re
la

te
d 

st
ro

ke
)

A
U

C
s 

of
 0

.8
3 

(in
te

rn
al

) a
nd

 0
.8

1 
(e

xt
er

na
l) 

Th
e 

m
od

el
 o

ut
pe

rf
or

m
ed

 H
C

M
 

Ri
sk

-S
C

D
 m

od
el

 (A
U

C
 

im
pr

ov
em

en
t 

of
 2

3%
)

N
o

Re
tr

os
pe

ct
iv

e

Co
nt

in
ue

d

860                                                                                                                                                                                        G. Panichella et al.
D

ow
nloaded from

 https://academ
ic.oup.com

/ehjdh/article/6/5/853/8212133 by U
niversità degli Studi di Bologna user on 24 M

arch 2026



..
..

..
..

..
..

..
..

..
..

..
..

..
..

..
..

..
..

..
..

..
..

..
..

..
..

..
..

..
..

..
..

..
..

..
..

..
..

..
..

..
..

..
..

..
..

..
..

..
..

..
..

..
..

..
..

..
..

..
..

..
..

..
..

..
..

..
..

..
..

..
..

..
..

..
..

..
..

..
..

..
..

..
..

..
..

..
..

..
..

..
..

..
..

..
..

..
..

..
..

..
..

..
..

..
..

..
..

..
..

..
..

..
..

..
..

..
..

..
..

.

T
ab

le
 2

 
C

on
ti

nu
ed

St
ud

y 
(1

st
 

au
th

or
, y

ea
r)

Sa
m

pl
e 

si
ze

N
° 

ce
nt

re
s

Ex
te

rn
al

 
va

lid
at

io
n

In
pu

t 
m

od
al

it
ie

s
A

im
Q

ua
nt

it
at

iv
e 

m
ea

su
re

s
R

ep
ro

du
ci

bi
lit

y 
di

sc
lo

se
d/

P
ub

lic
 

da
ta

 a
va

ila
bl

e

C
lin

ic
al

 
va

lid
at

io
n

Ab
ra

ha
m

, 

20
22

44

EX
PL

O
RE

R-
H

C
M

 d
at

a 
at

 
w

ee
k 

30
 

(N
C

T0
34

70
54

5)

M
ul

tic
en

tr
e

—
EC

G
To

 c
ha

ra
ct

er
iz

e 
m

av
ac

am
te

n 
ef

fe
ct

s 

be
yo

nd
 p

VO
2 

in
cr

ea
se

 

an
d 

N
YH

A
 c

la
ss

 
re

du
ct

io
n

Th
e 

cl
us

te
r 

an
al

ys
is 

re
su

lte
d 

in
 fo

ur
 

m
ai

n 
gr

ou
ps

N
o

Re
tr

os
pe

ct
iv

e

Si
on

tis
, 2

02
343

13
 H

C
M

 p
ts

 (2
16

 E
C

G
s)

 

fr
om

 P
IO

N
EE

R-
O

LE
 

26
00

 a
ge

- a
nd

 

se
x-

m
at

ch
ed

 c
on

tr
ol

s

M
ul

tic
en

tr
e

—
EC

G
To

 e
va

lu
at

e 
re

sp
on

se
 t

o 

m
av

ac
am

te
n

M
ea

n 
H

C
M

 s
co

re
 d

ec
re

as
es

 d
ur

in
g 

m
av

ac
am

te
n 

tr
ea

tm
en

t: 
0.

80
–0

.4
5 

fo
r 

M
ay

o 
an

d 
0.

70
–0

.3
5 

fo
r 

U
SC

F 

al
go

rit
hm

s

N
o

Lo
ng

itu
di

na
l

Su
pp

ah
, 2

02
545

EC
G

: 2
7 

H
C

M
 p

ts
 

Ec
ho

: 5
8 

H
C

M
 p

ts
Si

ng
le

-c
en

tr
e

N
o

EC
G

 
Ec

ho
To

 e
va

lu
at

e 
re

sp
on

se
 t

o 
m

av
ac

am
te

n
N

ot
ab

le
 re

du
ct

io
ns

 in
 H

C
M

 p
he

no
ty

pe
 

se
ve

rit
y 

(m
ed

ia
n,

 2
9.

7%
 to

 0
.4

%
, P

 =
  

0.
00

1)
 a

nd
 d

ia
st

ol
ic

 d
ys

fu
nc

tio
n 

(m
ed

ia
n,

 2
 t

o 
0,

 P
 =

 0
.0

04
)

N
o

Lo
ng

itu
di

na
l

A
F,

 a
tr

ia
l fi

br
illa

tio
n;

 A
L-

C
A

, l
ig

ht
-c

ha
in

 c
ar

di
ac

 a
m

yl
oi

do
sis

; A
U

C
, a

re
a 

un
de

r 
th

e 
cu

rv
e;

 A
U

PR
C

, a
re

a 
un

de
r 

th
e 

pr
ec

isi
on

-r
ec

al
l c

ur
ve

; C
A

, c
ar

di
ac

 a
m

yl
oi

do
sis

; C
I, 

co
nfi

de
nc

e 
in

te
rv

al
; C

M
R,

 c
ar

di
ac

 m
ag

ne
tic

 r
es

on
an

ce
; C

oV
, c

oe
ffi

ci
en

t 
of

 
va

ria
tio

n;
 D

C
N

N
, 

de
ep

 c
on

vo
lu

tio
na

l 
ne

ur
al

 n
et

w
or

k;
 D

L,
 d

ee
p 

le
ar

ni
ng

; 
D

C
M

, 
di

la
te

d 
ca

rd
io

m
yo

pa
th

y;
 E

ch
o,

 e
ch

oc
ar

di
og

ra
ph

y;
 E

C
G

, 
el

ec
tr

oc
ar

di
og

ra
m

; 
EF

, 
ej

ec
tio

n 
fr

ac
tio

n;
 E

C
V,

 e
xt

ra
ce

llu
la

r 
vo

lu
m

e;
 H

F,
 h

ea
rt

 f
ai

lu
re

; 
H

H
D

, 
hy

pe
rt

en
siv

e 
he

ar
t 

di
se

as
e;

 H
C

M
, h

yp
er

tr
op

hi
c 

ca
rd

io
m

yo
pa

th
y;

 I
C

C
, i

nt
ra

cl
as

s 
co

rr
el

at
io

n 
co

ef
fic

ie
nt

; I
C

D
, i

m
pl

an
ta

bl
e 

ca
rd

io
ve

rt
er

-d
efi

br
illa

to
r; 

LG
E,

 la
te

 g
ad

ol
in

iu
m

 e
nh

an
ce

m
en

t; 
LV

, l
ef

t 
ve

nt
ric

le
; L

VH
, l

ef
t 

ve
nt

ric
ul

ar
 h

yp
er

tr
op

hy
; 

LV
N

C
, l

ef
t 

ve
nt

ric
ul

ar
 n

on
-c

om
pa

ct
io

n 
ca

rd
io

m
yo

pa
th

y;
 L

VO
T,

 le
ft 

ve
nt

ric
ul

ar
 o

ut
flo

w
 t

ra
ct

; M
A

C
E,

 m
aj

or
 a

dv
er

se
 c

ar
di

ov
as

cu
la

r 
ev

en
ts

; M
L,

 m
ac

hi
ne

 le
ar

ni
ng

; M
W

T,
 m

ax
im

um
 w

al
l t

hi
ck

ne
ss

; M
YB

PC
3,

 m
yo

sin
-b

in
di

ng
 p

ro
te

in
 C

; M
YH

7,
 

β-
m

yo
sin

 h
ea

vy
 c

ha
in

; 
N

YH
A

, 
N

ew
 Y

or
k 

H
ea

rt
 A

ss
oc

ia
tio

n;
 o

H
C

M
, 

ob
st

ru
ct

iv
e 

hy
pe

rt
ro

ph
ic

 c
ar

di
om

yo
pa

th
y;

 P
/L

P,
 p

at
ho

ge
ni

c 
or

 l
ik

el
y 

pa
th

og
en

ic
; 

PP
G

, 
ph

ot
op

le
th

ys
m

og
ra

ph
y;

 p
ts

, 
pa

tie
nt

s; 
pV

O
2,

 p
ea

k 
ox

yg
en

 c
on

su
m

pt
io

n;
 R

F,
 

ra
nd

om
 f

or
es

t; 
SC

D
, 

su
dd

en
 c

ar
di

ac
 d

ea
th

; 
SD

, 
st

an
da

rd
 d

ev
ia

tio
n;

 U
C

M
, 

ur
ae

m
ic

 c
ar

di
om

yo
pa

th
y;

 U
C

SF
, 

U
ni

ve
rs

ity
 o

f 
C

al
ifo

rn
ia

, 
Sa

n 
Fr

an
ci

sc
o;

 V
A

s, 
ve

nt
ric

ul
ar

 a
rr

hy
th

m
ia

s; 
VN

E,
 v

irt
ua

l 
na

tiv
e 

en
ha

nc
em

en
t; 

VT
s, 

ve
nt

ric
ul

ar
 

ta
ch

ya
rr

hy
th

m
ia

s; 
VU

S,
 v

ar
ia

nt
 o

f u
nc

er
ta

in
 s

ig
ni

fic
an

ce
.

a ht
tp

s:/
/d

at
av

er
se

.h
ar

va
rd

.e
du

/d
at

as
et

.x
ht

m
l?p

er
sis

te
nt

Id
=

do
i:1

0.
79

10
/D

VN
/F

FN
LP

E.

Artificial intelligence in hypertrophic cardiomyopathy                                                                                                                                       861
D

ow
nloaded from

 https://academ
ic.oup.com

/ehjdh/article/6/5/853/8212133 by U
niversità degli Studi di Bologna user on 24 M

arch 2026

https://dataverse.harvard.edu/dataset.xhtml?persistentId=doi:10.7910/DVN/FFNLPE


sensitivity, 83%; specificity, 88%), providing reassuring evidence of ex
ternal validity. Nevertheless, prospective clinical studies are still needed 
to confirm its utility in real-world screening and to evaluate cost- 
effectiveness and clinical impact.

Wearable devices are non-invasive technologies designed to monitor 
physiological parameters continuously or intermittently. These include 
commercially available devices such as smartwatches with ECG 
functionality (e.g. Apple Watch®), adhesive ECG patches (e.g. Zio® 
ECG monitors), chest strap monitors, and wrist-worn fitness bands. 
Such devices are increasingly used in clinical practice for remote mon
itoring of cardiac rhythm. Research is currently exploring the use of 
wearable biosensors for structural heart disease screening. For ex
ample, Green et al. developed an ML model using photoplethysmogra
phy recordings from a smartwatch-like device to detect obstructive 
HCM in a cohort of 19 patients and 64 healthy controls.11 These find
ings are still at the research stage and require further validation in larger, 
real-world populations before being adopted as clinical screening 
tools.12

While transthoracic echocardiography (TTE) is a cornerstone for 
the initial evaluation of patients with LVH, the application of AI to echo
cardiographic imaging for HCM detection remains extremely limited. 
To date, only one study has explored this approach by training a 
CNN on standard TTE views (parasternal long axis and apical 

four-chamber) from over 12 000 patients.13 The model achieved an 
AUC of 0.85, with high specificity (99%) but moderate sensitivity 
(68%) for identifying HCM among patients with septal hypertrophy.

AI-enhanced CMR provides valuable insights into HCM diagnosis by 
enabling more precise and automated image interpretation. There are 
already commercially available DL algorithms that allow automated as
sessment of left ventricle (LV) volume and function14 as well as T1 or 
extracellular volume measurement in HCM patients.15 In a preliminary 
study, ML-based maximum wall thickness (MWT) measurement in 
HCM was superior to human experts; interestingly, this has direct im
plications, as it has been shown that a clinical trial using ML would need 
2.3 times (1.6–4.6) fewer patients to detect a 2 mm MWT change.16

Myocardial scar quantified by late gadolinium enhancement (LGE) has 
a diagnostic and prognostic role in HCM; however, manual segmentation 
of myocardial borders and scarred regions is highly prone to reader vari
ability. Automated image segmentation using deep CNNs can offer stan
dardized LGE analysis and reduce the time and effort required for manual 
contouring.17 One of the most promising applications of AI is the possi
bility of contrast-sparing HCM diagnosis. This may lead to the develop
ment of a contrast–free technology to replace LGE for faster and 
cheaper CMR scans.18 ML models can indeed be used as a scar screening 
tool prior to gadolinium administration. Virtual native enhancement, a 
new DL–driven CMR technology, can generate images that closely 

Figure 2 Timeline of key milestones in AI applications for HCM. This timeline illustrates selected landmark studies showcasing the evolution of arti
ficial intelligence (AI) in the diagnosis, risk stratification, genetic profiling, and treatment evaluation of hypertrophic cardiomyopathy (HCM). Studies 
were included based on their innovation (e.g. first to introduce a novel AI application) or relevance (e.g. large-scale, multicentre, or externally validated 
work). The timeline is organized across thematic domains—early detection, differential diagnosis, genetic insights, risk stratification, treatment efficacy, 
and in silico trials/digital twin technologies—highlighting the progressive integration of AI into various aspects of HCM management. AI, artificial intel
ligence; CNN, convolutional neural network; ECG, electrocardiogram; LVH, left ventricular hypertrophy; HCM, hypertrophic cardiomyopathy.
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resemble conventional LGE without the need for gadolinium-based con
trast agents, achieving high agreement with LGE itself.19

Differential diagnosis
Using pattern recognition, AI can distinguish HCM from other forms of 
LVH.20 A DL algorithm has been developed to help differentiate com
mon causes of LVH, including hypertensive heart disease (HHD), HCM, 
and light-chain cardiac amyloidosis (CA), using standard TTE images.21

Similarly, ML combined with 2D-speckle tracking echocardiography has 
performed well by integrating plentiful variables to identify the most 
discriminative predictors.22 A study by Duffy et al. assessed the accur
acy of a DL algorithm in quantifying LVH and differentiating its aetiology 
between CA and HCM.23 The algorithm was trained and tested on vi
deo echocardiograms. In 23 745 patients, the DL model accurately 
measured LV dimensions and classified CA and HCM. The algorithm 
also demonstrated high accuracy in external validation sets, distinguish
ing HCM from other causes of LVH with an AUC of 0.98.23 However, 
these studies are constrained by limited sample sizes, restricted clinical 
settings, and a lack of publicly available datasets; most rely on retro
spective analyses without prospective external validation, making their 
translation to routine clinical practice still premature.

CMR is often superior to echocardiography in identifying areas of 
segmental hypertrophy, not reliably visualized by echocardiography. 
Myocardial radiomic phenotyping has proved successful in distinguish
ing healthy from hypertrophic myocardium and can also differentiate 
LVH aetiology, including HCM or CA.24,25

Unlike previous studies, Soto and colleagues proposed the first DL 
model that integrates both ECG and echocardiogram data to differen
tiate HCM from HHD.26 By comparing various fusion strategies for 
combining multimodal data with single-modality models, the authors 
demonstrated that integrating spatio-temporal information from 
both modalities significantly improves classification performance, 
achieving an AUC of 0.91.26 Although the study lacked external valid
ation on independent cohorts, the authors addressed this limitation 
by open-sourcing their code and releasing the trained models, promot
ing reproducibility and supporting further research.

Deeper genetic insights
Genetic testing is essential for guiding family screening strategies and 
has significant prognostic and diagnostic value in HCM. However, trad
itional genetic testing is time- and resource-consuming, limiting its wide
spread application. In this context, AI can dramatically speed up genome 
sequencing, enhancing accuracy and reducing errors in identifying gen
etic variants. Few studies have explored DL/ML algorithms for 
mutation-risk prediction and genotype positivity in HCM.27–29 In a co
hort of 99 HCM patients, deep CNN analysis of TTE images outper
formed the Mayo and the Toronto genotype score predictors, and 
combining both models further improved predictive accuracy.27

Similarly, an ML model constructed with clinical and cardiac imaging 
data was trained to predict genotype positivity in a cohort of 102 (train
ing set) and 76 (test set) HCM patients.28 The ML model demonstrated 
an AUC of 0.92 (95% CI, 0.85–0.99) in predicting genotype positivity in 
the test set, significantly outperforming the Toronto and the Mayo 
scores.28 Radiomic CMR analysis may play a role not only in predicting 
genotype positivity,29 but also in effectively distinguishing between dif
ferent genetic subtypes of HCM, such as β-myosin heavy chain (MYH7) 
and β-myosin-binding protein C (MYBPC3).30

Finally, a recent study applied an ML-driven multi-cohort analysis to 
identify a diagnostic gene signature for HCM, focusing on early-stage 
disease.31 The Authors identified 27 hub genes and developed a stable 
diagnostic model. Moreover, the study revealed immune-related me
chanisms, including differential immune-cell infiltration patterns 

between high- and low-risk groups, highlighting novel potential thera
peutic targets.31

Several limitations should be acknowledged, including the lack of ex
ternal validation in most cases, potential selection bias towards patients 
already undergoing genetic testing, and limited diversity in terms of race 
and clinical presentation. Additionally, genotype classifications are 
based on current knowledge and may evolve over time, raising ques
tions about long-term model reliability and generalizability.

In parallel, AI-based bioinformatics approaches have emerged to ad
dress the growing number of variants of uncertain significance identified 
through large-scale sequencing. For example, Burghardt and Ajtai devel
oped a neural/Bayes framework that models the structure-function re
lationships of missense mutations in key sarcomeric proteins, such as 
MYH7 and MYBPC3.32 Such methods hold promise for improving gen
etic interpretation, accelerating risk stratification, and informing early 
clinical decision-making as genomic data continue to expand.

Risk stratification
Most patients with HCM remain asymptomatic throughout their lives, 
and only a small proportion of patients develop serious adverse out
comes such as end-stage heart failure (HF), cardiovascular death, 
and SCD. Current risk-stratification strategies are based on a limited 
number of elements and offer incomplete prediction (focusing mainly 
on arrhythmic risk). In this context, by thoroughly incorporating multi
dimensional data and factors that interact in linear and nonlinear man
ners, the ML-based methodology may provide a model with significantly 
enhanced prediction performance.33

In a study by Lyon et al., by applying ML on 12-lead Holter ECG, the 
Authors were able to classify HCM patients into four distinct pheno
types of ventricular remodelling, each associated with different levels 
of arrhythmic risk.34 Importantly, the study identified two potential 
mechanisms—one related to conduction abnormalities and the other 
to ion channel remodelling—that could explain HCM heterogenic 
manifestations.34 Similarly, other ML-based models have proved to 
be effective in identifying atrial fibrillation (AF)35 and in predicting 
HCM disease progression in terms of adverse remodelling,36 risk of 
ventricular arrhythmias (VAs),37,38 and progression to HF.37,39 In a 
prospective study by Kochav et al., ML models were applied to a co
hort of 183 patients with HCM.40 During a median follow-up of 2.2 
years, 33 subjects (18%) developed the primary outcome (a compos
ite of heart transplantation, death due to HF, and SCD), the majority 
of whom (n = 28) underwent heart transplantation. The authors de
termined 20 predictive features (clinical, imaging, and genetics) based 
on random forest classification and a priori knowledge and developed 
4 ML models, all significantly outperforming the reference model in 
predicting outcomes.40

Pičulin et al. were the first to develop an ML-based model aimed at 
predicting long-term disease progression.36 Their approach integrates 
six independent regression models to forecast key clinical parameters, 
including ventricular function and chamber dimensions, up to ten 
years ahead. Notably, their models demonstrated superior predictive 
performance compared to expert estimations in five out of six targets, 
highlighting the potential of AI to support longitudinal management 
in HCM.

CMR is useful in identifying high-risk HCM subgroups with extensive 
fibrosis, thin-walled scarred LV apical aneurysms, and end-stage systolic 
dysfunction. Radiomic characterization of CMR data offers deeper 
insights into myocardial tissue properties, thereby enhancing risk strati
fication. ML-based texture analysis of LGE has shown strong perform
ance in distinguishing HCM patients with and without VTs.41 In a recent 
multicentre study involving 758 patients with HCM, Zhao et al. devel
oped an ML-based framework integrating LGE and CMR myocardial 
strain with clinical parameters to predict major adverse cardiovascular 
events, including VAs, HF, AF-related stroke, and SCD.42 The model 
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achieved robust performance with AUCs of 0.83 in internal validation 
and 0.81 in an external multicentre cohort, significantly outperforming 
the traditional HCM Risk-SCD model AUC by 23%. Importantly, the 
study highlighted nonlinear associations between the extent of LGE, im
paired myocardial strain, and elevated event risk.42

However, many of these models were developed using retrospect
ive, single-centre, or demographically homogeneous cohorts. Small 
event numbers, short follow-up durations, and limited external valid
ation further reduce clinical applicability. Reproducibility remains a ma
jor concern, as most models do not share their code or use publicly 
available datasets. Finally, the “black box” nature of many AI models, 
along with reliance on data preprocessing or synthetic augmentation, 
raises questions about interpretability and real-world implementation. 
Prospective, multicentre validation and standardized methodologies 
are essential next steps to ensure clinical translation.

Evaluation of treatment efficacy
Recent advances in the treatment of HCM have significantly broadened 
the therapeutic options available, particularly with the introduction of 
cardiac myosin inhibitors (CMIs), mavacamten, and aficamten. These 
novel agents directly address myocardial hypercontractility, a hallmark 
of the disease, delivering both clinical and symptomatic benefits. As 
these therapies gain traction, AI emerges as a key tool for patient selec
tion and treatment response evaluation.

In a study by Siontis et al., two AI-ECG algorithms (University of 
California-San Francisco [UCSF] and Mayo Clinic) were developed 
and trained independently at two institutions to format 216 serial 
ECG data from the PIONEER-OLE trial (i.e. the open-label extension 
of the mavacamten phase 2 trial).43 In the validation cohorts, both 
algorithms exhibited similar performance for HCM diagnosis, and 
exhibited mean HCM score decreases during mavacamten treatment: 
0.80–0.45 for Mayo and 0.70–0.35 for USCF algorithms.43

Interestingly, AI-ECG HCM scores correlated with disease status, 
haemodynamic changes in left ventricular outflow tract (LVOT) gradi
ents, and serum N-terminal pro–B-type natriuretic peptide levels in 
patients with obstructive HCM on mavacamten treatment, even 
when ECG changes were less apparent.43

An additional post-hoc ML analysis of the EXPLORER-HCM trial 
grouped patients according to their improvement status during mava
camten treatment, using unsupervised hierarchical clustering. The cluster 
analysis revealed four distinct patient groups based on their responses to 
treatment.44 Two clusters (Groups 1 and 2), which included the majority 
of mavacamten-treated patients (88% and 85%, respectively), showed 
improvements in several clinical endpoints: Group 1 met both primary 
and secondary endpoints, while Group 2 showed meaningful benefits 
in secondary outcomes despite not meeting the primary endpoint. In 
contrast, Groups 3 and 4 were predominantly placebo-treated patients 
(95% and 90%, respectively), with Group 3 meeting only the primary 
endpoint and Group 4 showing no significant improvement across mea
sures. These findings highlight that mavacamten may provide broader 
clinical benefits than captured by the primary endpoint alone, reinforcing 
the value of multidimensional treatment assessment in HCM.44

In addition to post-hoc analyses of randomized trials, real-world 
studies have further supported the value of AI tools in treatment mon
itoring. In a recent single-centre analysis, AI-ECG and TTE parameters 
were evaluated in obstructive HCM patients treated with mavacamten 
for at least six months.45 AI-ECG detected a reduction in HCM pheno
type severity (from 29.7% to 0.4%, P = 0.001) and diastolic dysfunction 
grade (from 2 to 0, P = 0.004), while TTE showed parallel improve
ments in LVOT gradients (from 71 to 0 mmHg, P = 0.001), left 
atrial volume index, and diastolic function parameters (P = 0.001 for 
both).45 Interestingly, these benefits appeared independent of LVOT 
gradient reduction, suggesting that mavacamten’s disease-modifying ef
fects extend beyond simple haemodynamic unloading.

In summary, AI-enhanced ECG analysis has demonstrated potential 
in assessing treatment response to myosin inhibitors like mavacamten, 
establishing correlations with disease progression, biomarker profiles, 
and clinical outcomes in HCM.

AI-driven in silico trials and digital twin 
solutions
While AI applications have shown encouraging results in HCM, these 
tools often operate on isolated datasets and lack integration across dif
ferent biological levels. This limits their ability to fully capture the com
plexity of HCM, which spans diverse genetic backgrounds, phenotypes, 
and clinical trajectories.

To overcome these limitations, in silico trials and digital twin tech
nologies have emerged as promising innovations. In silico trials are 
computer-based simulations that model disease progression or treat
ment outcomes using patient-specific data. They offer a cost-effective 
and ethical alternative to certain stages of clinical research, enabling vir
tual testing of therapies before their application in patients. Digital twins 
expand on this concept by creating a comprehensive, virtual tool that 
integrates coherently and dynamically the clinical data acquired over 
time for an individual using mechanistic and statistical models.46 In car
diovascular medicine, digital twin platforms have been explored for ap
plications such as arrhythmia risk prediction, procedural planning for 
atrial and VA ablation, simulation of HF progression, and non-invasive 
assessment of cardiovascular dynamics through wearable sensors.46

These technologies offer significant advantages, including the ability to 
test interventions in silico before applying them to real patients, opti
mize treatment strategies, and reduce costs. However, they also face 
limitations, such as the need for large, high-quality datasets, computa
tional complexity, regulatory challenges, and the risk of over-reliance 
on models that may not fully capture biological variability.

An important example of this approach in HCM is the SMASH-HCM 
project (Stratification, Management, and Guidance of Hypertrophic 
Cardiomyopathy Patients using Hybrid Digital Twin Solutions) (https:// 
smash-hcm.eu). SMASH-HCM aims to build a digital twin platform that 
combines AI models with mechanistic simulations to improve risk strati
fication, treatment personalization, and patient self-management. The 
project is structured into three levels of deep phenotyping (Figure 3). 
At the first level, AI/ML models will be developed to analyse clinical 
data, including ECGs and imaging data, to provide initial stratification 
and lifestyle recommendations. Secondly, AI/ML models will integrate ad
vanced diagnostics such as CMR, genetic profiling, and patient-specific 
whole-heart and systemic models to refine risk stratification and person
alize treatment recommendations. The third level will incorporate 
human-induced pluripotent stem cell-derived cardiomyocytes or other 
patient-specific in vitro data, along with computational models of cells 
and in vitro mimicking tissues, enabling detailed mechanistic insights into 
cardiac function, disease progression, and treatment response.

Importantly, SMASH-HCM goes beyond technical development by em
bedding patient engagement and self-management tools into its design, in
cluding health literacy strategies, behaviour change frameworks, and 
gamification elements to enhance patient adherence and empowerment. 
While still under development, the PILOT clinical trial will be crucial in val
idating SMASH-HCM’s real-world impact, testing its feasibility across di
verse patient profiles and clinical settings. If successful, SMASH-HCM 
could set a new standard for integrated, AI-driven care in HCM, potentially 
extending this model to other cardiovascular diseases.

Clinical implementation and 
regulatory hurdles
Despite the increasing momentum around AI applications in HCM, 
real-world clinical implementation remains limited. A major barrier 
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is the lack of regulatory approval for many AI-based tools, particularly 
those tailored to HCM. As of May 2025, the U.S. Food and Drug 
Administration (FDA) has authorized over 1000 AI-enabled medical 
devices, the majority of which are focused on radiology and are 
not HCM-specific (e.g. us2.v1). To date, Viz HCM is the only 
FDA-cleared algorithm specifically approved for the detection of 
HCM. It analyses 12-lead ECGs in real time to flag suspected HCM 
cases and facilitates timely referral to specialist care.

To support broader clinical adoption, AI systems must comply with 
evolving regulatory and ethical standards designed to ensure safety, 
transparency, and fairness in healthcare. In the United States, the 
FDA has shown growing engagement with AI across domains such 
as digital health and drug development. In 2025, the FDA’s Center 
for Drug Evaluation and Research released draft guidance titled 
‘Considerations for the Use of Artificial Intelligence to Support 
Regulatory Decision Making for Drug and Biological Products.’ This 
guidance outlines a risk-based, trustworthy, and transparent frame
work for integrating AI into the drug life cycle and regulatory 
submissions.

Meanwhile, in the European Union (EU), the regulatory landscape 
has been reshaped by the EU Artificial Intelligence Act (https:// 
artificialintelligenceact.eu), which introduces a tiered, risk-based classi
fication for AI systems, including those in healthcare. High-risk AI 

tools—such as those involved in diagnosis, treatment planning, or prog
nosis—will be required to meet strict criteria around transparency, hu
man oversight, robustness, and accountability. Complementing this, the 
Ethics Guidelines for Trustworthy AI published in 2019 by the EU 
High-Level Expert Group on AI articulate seven core principles for eth
ical AI: human agency and oversight, technical robustness and safety, 
privacy and data governance, transparency, non-discrimination and fair
ness, societal and environmental well-being, and accountability. These 
guidelines serve as a blueprint for the responsible design, deployment, 
and auditing of AI systems in clinical practice.

Drawbacks of AI models
While the majority of published AI studies report promising results, it is 
important to recognize that several limitations continue to hinder their 
clinical translation. Moreover, negative or failed AI models are rarely 
published, potentially introducing a publication bias. A primary chal
lenge is the need for large, high-quality datasets to effectively train AI 
models, which can be particularly difficult to obtain in HCM. To address 
this, collaborative efforts among research institutions, hospitals, and pa
tient registries can facilitate data pooling. Even when datasets are avail
able, another critical limitation is the lack of model transparency and 

Figure 3 SMASH-HCM project design. The SMASH-HCM project introduces a three-level digital twin platform designed to maximize risk stratifi
cation. At the first level, it integrates standard clinical data like ECGs and echocardiography with AI-driven insights from combined clinical, in vitro, and 
synthetic population data. The second level incorporates extended patient data, enabling the development of biophysical digital twin models. At the 
third level, the platform uses comprehensive phenotyping to refine the digital twin, providing advanced tools for personalized treatment and improved 
management. ECG, electrocardiogram; AI, artificial intelligence; LVH, left ventricular hypertrophy; CMR, cardiac magnetic resonance; HCM, hyper
trophic cardiomyopathy; hiPSC-CM, human-induced pluripotent stem cell-derived cardiomyocytes; ICD, implantable cardioverter defibrillator; US, 
ultrasound.
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reproducibility. Many published studies do not disclose their trained 
models, making it impossible to replicate or further exploit their results. 
As a result, researchers must retrain models from scratch, which re
quires access to the original data. For example, to address this, 
SMASH-HCM will generate a library of models, making them fully dis
closed whenever possible, and will ensure that all shared data and tools 
comply with the FAIR principles (Findable, Accessible, Interoperable, 
and Reusable), promoting transparency, interoperability, and long- 
term usability across the research community. Additionally, it will de
velop a structured and accessible “surfable” encyclopaedia of current 
AI models, serving as a foundational knowledge base for researchers 
in the field.

An additional concern is data leakage,47 where unintended informa
tion sharing between training and test sets, the use of unavailable pre
dictors at inference time, or the inclusion of future data in training 
artificially inflates model performance. Biases—including selection 
bias, cherry-picking of results, overtraining, HARKing (hypothesizing 
after results are known), and confirmation bias—are common pitfalls 
in AI research. Ensuring transparent reporting, pre-registered study 
protocols, and independent validation on external datasets can help 
mitigate these issues. Overfitting remains another major limitation, 
where AI models perform well on training data but struggle to gener
alize to new, unseen cases. Implementing robust validation techniques, 
such as cross-validation or validation in external cohorts, can help miti
gate this issue.

A practical drawback, particularly relevant for screening applications 
such as AI-ECG, is the high rate of false positives when applied in real- 
world or low-prevalence populations.9 This can lead to over-referral, 
increased healthcare workload, and unnecessary diagnostic procedures. 
AI models should be accompanied by appropriate clinical filtering tools 
or context-specific thresholds to reduce this unintended burden.

Finally, the real-world application of AI raises ethical questions, ques
tions about trustworthiness (including fairness, bias, and robustness), 
and privacy concerns, necessitating the development of regulatory fra
meworks and guidelines to govern its use.48,49

Future developments
Looking ahead, the integration of AI holds great potential to address 
many of the current limitations in HCM management.50 Most AI models 
are still built on retrospective, single-centre data. This limits their gen
eralizability, especially in underrepresented patient populations such as 
younger individuals, ethnic minorities, and those with atypical or non- 
sarcomeric forms of HCM. As shown in recent work,10 subgroup- 
specific performances should be explicitly evaluated to ensure fairness 
and avoid perpetuating healthcare disparities. Future efforts must focus 
on training and validating AI models in larger, multicentre, and globally 
diverse cohorts, with subgroup-specific performance reporting.

Importantly, the current dynamic landscape of HCM—particularly 
with the advent of CMIs—poses both challenges and opportunities 
for risk stratification. Although CMIs have demonstrated benefits in ob
structive HCM, management of the non-obstructive form remains dif
ficult. AI models could play a transformative role by accelerating the 
identification of responder subgroups, optimizing inclusion criteria, 
and informing the design of adaptive clinical trials. Furthermore, models 
trained on large, longitudinal cohorts may help prioritize surrogate end
points for regulatory validation, improving the speed and precision of 
therapeutic development. AI could also improve our ability to identify 
early biomarkers, clinical features, or genetic profiles associated with 
progression to severe disease. For example, distinguishing between 
asymptomatic gene mutation carriers who may never develop clinical 
HCM and those at higher risk for symptomatic progression remains a 
major unmet need. Currently, all mutation carriers are monitored 
throughout life, regardless of risk. AI-based tools could enable 

personalized follow-up strategies by stratifying carriers based on their 
predicted lifetime risk.

Beyond genomics, several other domains are rapidly evolving. 
AI-based imaging tools are being developed to detect subtle phenotypic 
markers, automate quantification, and track disease progression over 
time. ML approaches to genotype-phenotype correlations are begin
ning to uncover complex, nonlinear relationships that could inform 
prognosis, family screening, and personalized therapy. Meanwhile, 
wearable technologies and remote monitoring systems powered by 
AI offer a promising avenue for continuous, real-time data collection, 
enabling earlier identification of arrhythmic risk or decompensation in 
outpatient settings. At the frontier of these developments are digital 
twin technologies and in silico trials, which represent a novel paradigm 
for precision medicine. Although clinical validation is still ongoing, 
SMASH-HCM exemplifies the potential of hybrid models that merge 
data-driven and mechanistic approaches to develop a digital twin plat
form for HCM.

Crucially, real-world implementation of AI tools depends not only on 
technical performance but also on clinical trust, usability, and integra
tion into existing workflows. Many healthcare professionals remain 
hesitant to adopt AI unless its outputs are interpretable and aligned 
with clinical needs. Therefore, clinicians should be actively involved in 
designing user interfaces, and close, iterative collaboration between 
AI developers and frontline physicians is essential to ensure adoption.

Conclusions and learning points
The integration of AI into HCM management may represent a signifi
cant advancement in precision and personalized medicine, enhancing 
diagnostic accuracy, risk stratification, and treatment efficacy. 
AI-driven in silico trials, such as the SMASH-HCM digital twin platform, 
exemplify the potential of AI to integrate multiscale data, and biophys
ical simulations, for deep phenotyping, personalized risk assessment, 
and developing patient-specific treatment strategies. Advancing AI for 
HCM will require a shift from retrospective, one-size-fits-all models 
to dynamic, explainable, and equitable solutions that leverage both real- 
world data and computational simulation. These advancements, com
bined with an increasing number of disease-modifying therapies, may 
revolutionize the landscape of HCM management.
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