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Abstract

Because existing ECG criteria for left ventricular hy-
pertrophy (LVH) have poor sensitivity at high specificity,
we investigated whether deep learning (DL) could improve
ECG-based LVH screening.

We trained a vision transformer via supervised con-
trastive ECG-Echocardiogram learning (CEEL), which
uses, in addition to the cross-entropy (CE) loss, a loss
function similar to the language-image CLIP loss to align
ECG and Echo embeddings. The model, denoted ViT-
CEEL, was trained on a MIMIC-1V subset of 2,028 pa-
tients. The same ViT architecture was also trained with
the CE loss alone (ViT-CE). Both models were compared
to traditional ECG-LVH methods (Cornell, Sokolow-Lyon,
Romhilt-Estes) on a local study (AFICIONADO), which
consisted of 57 asymptomatic patients but at high risk of
heart failure.

On AFICIONADO, ViT-CE performs better (Fo = 0.641,
AUPRC = 0.38) than ViT-CEEL (Fy = 0.556, AUPRC =
0.246), suggesting that CEEL does not boost performance
as initially hypothesized. At similar specificity (0.941), the
Cornell criterion has a better sensitivity (0.5) than ViT-
CE (0.167). These results confirm previous findings that
DL models based on the ECG alone achieve comparable
performance to traditional ECG-LVH methods.

1. Introduction

Left ventricular hypertrophy (LVH) refers to a left-sided
thickening of the heart muscle and is an independent pre-
dictor of cardiac dysfunction [1]. Its diagnosis is therefore
important to the prevention of heart failure (HF), specially
amongst patients at high risk of HF [2].

Because the ECG-LVH criteria used in clinical routine
have poor sensitivity at high specificity [3], machine learn-
ing (ML), including deep learning (DL), has been proposed
to improve the accuracy of ECG-based LVH diagnosis.
However, the findings suggest that this is not achievable
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with the ECG alone but that the addition of clinical vari-
ables (e.g., age, sex, blood pressure) to the ML models
could improve sensitivity [4—6].

There is yet to be an ECG-LVH method, independent of
clinical variables, with both high sensitivity and specificity,
leading experts to wonder if we have reached the limits of
the ECG to detect LVH [7].

In this study, we hypothesized that training a DL model
via contrastive ECG-Echo learning (CEEL) could improve
sensitivity. Contrastive learning is a DL approach that al-
lows to learn discriminative features from paired data. It
has notably been successful in computer vision and natu-
ral language processing. CEEL uses a loss similar to the
contrastive language-image pre-training (CLIP) loss pro-
posed by Radford et al. [8]. It was inspired by Turgut et
al. [9] who used the CLIP loss for contrastive ECG-CMR
(Cardiac Magnetic Resonance) pre-training in order to es-
timate CMR parameters of cardiac function from the ECG.
Our results do not suggest that CEEL improves LVH sen-
sitivity and seem to confirm the previous findings that DL
models based on the ECG alone achieve comparable per-
formance to traditional ECG-LVH methods.

2. Material and methods

2.1. ECG/Echo data

Training set. The Medical Information Mart for Inten-
sive Care (MIMIC)-1V database [10], available on Phys-
ioNet [11], is a large database of patients admitted to inten-
sive care units (ICUs) at the Beth Israel Deaconess Medical
Center. From the MIMIC-IV-ECG module and MIMIC-
IV-ECHO modules [12, 13], we identified 2,028 MIMIC-
IV patients with a pair of 12-lead ECG and parasternal
echo view. The delay between ECG recording and echo ac-
quisition was typically <1 week and limited to 3 months.
The 12-lead ECG recordings are 10 seconds in length and
are sampled at 500 Hz. LV dimensions were extracted
from the parasternal views using KerasOCR (Python li-
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brary for text detection on images). LVM was calcu-
lated according to the Devereux formula [14]. LVM index
(LVMI) was computed as the ratio between LVM and body
surface area. LVH was subsequently defined as LVMI>95
g/m? for women and LVMI>115 g/m? for men [15].

Amongst the 2,028 patients, there were 971 men (48%)
and 1,057 women, aged between 23 and 100 (median: 71,
IQR: 62-81). Several HF risk factors were prevalent in
this MIMIC-IV subset including essential (primary) hyper-
tension (23.5%), hyperlipidemia (23%), nicotine depen-
dence (17.7%) and obesity (11%). The median BMI was
28 kg/m? (IQR: 24.4-32.6) with 1,421 patients (70%) be-
ing overweight (BMI>25 kg/m?). We identified 523 pa-
tients with LVH (prevalence of 26%), amongst which 288
women (55%).

Test set. The AFICIONADO study is an ongoing clini-
cal trial (NCT06163911) at the Cardiology Department of
the CHRU of Nancy, which aims to diagnose early stages
of cardiac dysfunction from the ECG in an asymptomatic
population at high risk of HF (with hypertension, dyslipi-
demia, obesity, etc.). So far, we identified 57 patients in
this study with LVH labels, amongst which 33 men (58%).
The patients are aged between 21 and 84 (median: 60,
IQR: 47-68). The median BMI is 24.7 kg/m? (IQR: 22.1-
28.1) with 32 patients (46%) being overweight. ECG and
echo acquisitions were made the same day. The 12-lead
ECG recordings are 10 seconds in length and are sam-
pled at 1000 Hz. LVMI and LVH were defined similar to
MIMIC-IV. 6/57 patients had LVH (prevalence of 10.5%),
amongst which 5 women.

2.2.  Deep learning

ViT-CEEL. The CEEL loss aims to maximize the sim-
ilarity between matching ECG and echo pairs (ECG-Echo
from the same patient) while minimizing the similarity be-
tween non-matching pairs. Denote x; the ECG modal-
ity, x5 the Echo modality, f; the ECG encoder and fo
the Echo encoder. In CEEL, the ECG features f(z1)
and Echo features fo(x5) are projected on a d-dimensional
space through feature projectors ¢g; and go. The resulting
d-dimensional ECG and Echo embeddings are respectively

z1 = g1(f1(w1))
and

22 = 92(f2($2))
The CEEL loss is defined as

1
CEEL = §(L1 + Lo) (1)
where L; and L are defined for the i*" ECG-Echo pair in
a training batch of k pairs as
exp(z1,;-22,i/T)

Ly =—log —;
Zj:l exp(21,;-22,;/T)

and
exp(zgyszZ-/T)

k
> j—1 €xp(22,5°21,5/T)

with dot product z;-25 the measure of similarity between
ECG and Echo embeddings (vice-versa for z9-z1). With
Ly (resp. Ls), the ECG (resp. Echo) in the i*" pair is
compared with all Echos (resp. ECGs) in the batch. 7 is
the scaling parameter also called temperature.

Given the small size of the MIMIC-IV subset, we con-
ducted supervised contrastive learning by summing the
cross-entropy (CE) and CEEL losses (CE + CEEL).

For the ECG encoder, we used the vision transformer
(ViT) of Turgut et al. [9], which takes as input 12-lead 5-
second ECGs sampled at 500 Hz (ECGs in AFICIONADO
were downsampled accordingly) and outputs 384 features.
For the echo encoder, we used EchoNet-LVH, a DL model
developed for the measurements of LV dimensions [16]
that yields 2,048 echo features. The echo encoder and fea-
tures projectors are not involved at test time. The resulting
ViT is denoted ViT-CEEL.

ViT-CE. The same ViT arhitecture was also trained in
the standard fully supervised (FS) fashion using the CE
loss.

Training process. To train ViT-CEEL and ViT-CE,
we randomly split the MIMIC-IV subset of 2,028 pa-
tients in 80%/20% training/validation sets. The models
were trained using PyTorch (Adam optimizer). Train-
ing hyperparameters were finetuned by inspecting train-
ing/validation losses. The feature projectors output em-
beddings of size d = 256. The ECG feature projector g; is
a feed-forward neural network (FNN) with an input layer
of 384 neurons and an output layer of 256 neurons (no hid-
den layer). The Echo feature projector g is a FNN of two
hidden layers each having 2,048 neurons. The output layer
has 256 neurons. For g2, each layer in the FNN is followed
by batch normalization and ReLU activation. The temper-
ature parameter was fixed at 7 = 0.07.

ViT-CEEL and ViT-CE were trained during 200 and 500
epochs respectively. For ViT-CEEL, the initial learning
rates (LRs) for the ECG encoder, the echo encoder and the
feature projectors were le-5, le-5 and 0.1. For ViT-CE,
the inital LR was le-3. Due to GPU memory limitations,
we could only load 4 ECG-Echo pairs per batch for the
training of ViT-CEEL, which was not ideal. To artificially
increase the batch size (BS), we updated model weights
every 64 mini-batches (gradient accumulation), which lead
to an approximate BS of 4x64 = 256.

Lo = —log

2.3. Traditional ECG criteria

We compared ViT-CEEL and ViT-CE to the Sokolow-
Lyon criterion [17], the Cornell voltage criterion [18],
— Sokolow-Lyon: Sy1 + (Ry5 or Ryg) > 3.5 mV
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Table 1. LVH classification results on AFICIONADO.

Method Accuracy | Sensitivity | Specificity | Fa AUROC | AUPRC
Cornell 0.93 0.5 0.98 0.536 | 0.768 0.516
Sokolow-Lyon | 0.895 0.333 0.961 0.357 | 0.598 0.242
Romhilt-Estes | 0.877 0.5 0.922 0.484 | 0.824 0.251
ViT-CE 0.807 0.833 0.804 0.641 | 0.85 0.38
ViT-CEEL 0.825 0.667 0.843 0.556 | 0.755 0.246

— Cornell: R,y 1, + Syz3 > 2.0 mV (women) or 2.8 mV
(men)

and the Rombhilt-Estes score [19]. ECG features were
extracted from machine measurements (Mindray Bene-
Heart R12) associated with the ECG recordings in AFI-
CIONADO.

3. Results

Table 1 provides the LVH classification results for the
AFICIONADO study. AUROC denotes the Area Under
the Receiver Operator Characteristic curve, and AUPRC,
the Area under the Precision-Recall curve.

Amongst, the traditional ECG-LVH methods, the Cor-
nell criterion yields the highest Fo (0.536), AUROC
(0.768) and AUPRC (0.516) scores. Amongst the DL. mod-
els, ViT-CE yields the highest Fs (0.641), AUROC (0.85)
and AUPRC (0.38). The performance of ViT-CEEL is
comparable to that of ViT-CE but CEEL does not seem to
particularly boost performance. This might be due to the
small batch size (4 ECG-Echo pairs per batch) chosen due
to limited GPU memory.

At similar specificity (0.941), Cornell has a better sensi-
tivity (0.5) than ViT-CE (0.167), which has the same sen-
sitivity as the Rombhilt-Estes score.

4. Discussion

These results confirm previous findings that both tradi-
tional and DL-based ECG-LVH methods yield poor sensi-
tivity at high specificity. On AFICIONADO, the Cornell
criterion seems to be the most sensitive method.

It is well known that the accuracy of ECG-based LVH
diagnosis depends on several factors like LVH prevalence
[20] and the underlying cause of LVH [21]. In our study,
the Cornell criterion is more sensitive than the Sokolow-
Lyon criterion likely because the AFICIONADO patients
tend to be overweight [22]. Indeed, Sokolow-Lyon solely
relies on precordial leads and might suffer from the at-
tenuating effects of increased distance between the elec-
trodes and the LV. The Romhilt-Estes score and the ViT
models were developed on a different population than the
AFICIONADO population—150 autopsied patients (60%
LVH prevalence) for Romhilt-Estes—which could explain
the poor performance of these methods on AFICIONADO.

DL usually requires a sufficiently large training set
but the subset of 2,028 MIMIC-IV patients was the only
ECG/Echo dataset available to us. A future access to
databases like the UK Biobank [23], on which Turgut et
al. [9] conducted their contrastive ECG-CMR pre-training,
might allow to improve ViT-CEEL.

Because of the poor sensitivity of ECG-LVH methods,
the American Heart Association [20] has suggested other
research directions like the development of population-
specific ECG-LVH criteria, for instance, by adapting the
thresholds of voltage criteria, or risk stratification, which
could be interesting to explore in the future.

5. Conclusion

LVH diagnosis is paramount to the prevention of ad-
verse cardiovascular outcomes but ECG-based LVH diag-
nosis remains a great challenge. This work confirms the
findings that, like traditional ECG-LVH criteria, DL mod-
els have poor sensitivity at high specificity when only rely-
ing on the ECG. Data scarcity is the main limitation of this
study and better results might be obtained with CEEL by
increasing the size of the training set and training batches.
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