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Abstract

Despite its widespread use, the electrocardiogram
(ECG) exhibits limited sensitivity in detecting right ven-
tricular hypertrophy (RVH), primarily due to the overshad-
owing effects of the left ventricular activation. This study
addresses this diagnostic challenge by extracting morpho-
logical QRS biomarkers from 12-lead recordings to clas-
sify RVH patients versus healthy controls. Leveraging
a publicly available database comprising 9,001 patients
(101 RVH, 8,900 control), we extracted features includ-
ing width, amplitudes, slopes between fiducial points, and
Hermite transform coefficients. Utilizing logistic regres-
sion, random forest, and support vector machine algo-
rithms following sequential feature selection, our classi-
fiers achieved a minimum accuracy of 88% on an inde-
pendent validation dataset of 1,456 individuals (69 RVH,
1,387 control). Notably, logistic regression and random
forest demonstrated valuable sensitivity, reaching 85%
and 87%, respectively. The three or four selected fea-
tures align with clinical recommendations, underscoring
their potential utility in enhancing RVH detection via ECG
biomarkers, driven by machine learning algorithms.

1. Introduction

The electrocardiogram (ECG) is often the initial di-
agnostic tool employed in patient screening, given its
widespread availability, affordability, and repeatability.
However, its utility in detecting right ventricular hypertro-
phy (RVH) is limited due to several factors. Primarily, the
sensitivity of the ECG for detecting RVH is relatively low
[1]. This limitation stems from the anatomical position-
ing of the right ventricle and the predominance of the left
ventricular activation vector, which tends to overshadow
RV forces on the ECG [2]. Consequently, the current rec-
ommendations lack a standardized set of criteria for the
definitive diagnosis of RVH using ECG alone.

Furthermore, the diagnostic reliability of ECG is hin-
dered by the absence of consensus regarding the most ef-
fective criteria for identifying RVH. Despite its widespread
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use, ECG’s efficacy in RVH diagnosis is notably infe-
rior to imaging modalities such as echocardiography, mag-
netic resonance imaging, or more recently, the three-
dimensional echocardiography. These techniques offer su-
perior accuracy and are less prone to the confounding ef-
fects of various comorbid conditions, including congen-
ital heart disease, valvular heart disease, and chronic pul-
monary disease. However, all imaging modalities are more
expensive and time-consuming than an ECG recording.

Given these challenges, exploring alternative ap-
proaches for RVH detection, particularly leveraging ECG
biomarkers, is necessary. Besides classical biomarkers
such as width, amplitudes, and slopes between the fiducial
points, features based on Hermite transform have shown
interest [3]. Therefore, the goal of our work is to ana-
lyze QRS biomarkers extracted from 12-lead recordings
to perform classification, highlighting the most discrimina-
tive features in differentiating RVH patients from a healthy
population.

2. Methods

2.1. Database

PTB-XL ECG database from Physikalisch-Technische
Bundesanstalt, Brunswick, Germany, were used in this
study [4] for model building. This publicly available
database contains clinical 12-lead ECGs from 18,885 pa-
tients of 10s in length, sampled at 500Hz. From this
database, we extracted ECGs labeled as 'NORM’ and
’RVH’. We exclude RVH patients with other hypertrophic
labels and check if patient labeled as normal does not
present hypertrophic label either. Due to bad ECG qual-
ity (less than 3 beats not correlate with the median beat: |
0.8), some patients were also excluded. After these steps,
101 RVH and, 8900 control patients were included in the
training and test phase of the study.

As validation database, the Georgia 12-lead ECG Chal-
lenge Database from the Emory University, Atlanta, Geor-
gia, USA was used. Similarly, it is composed of 10s length
ECGs, sampled at 500Hz. The same selection approach
was applied with control patients labeled as ’sinus rhythm’.
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To make the validation more realistic, patients with RVH
label which also have LVH hypertrophic or atrial enlarge-
ment label were included. Finally, 69 RVH patients and
1387 controls were included in the validation database.

Both databases are uploaded on the Physionet challenge
database repository [5].

2.2. QRS Biomarkers Extraction

In order to perform classification, several representative
features were extracted from the 12-lead ECG signal.

2.2.1. Morphological Biomarkers

Several morphological biomarkers were computed di-
rectly from the 12-lead ECG signals (Fig.1), including:
o Median fiducial point amplitude: P, Q, R, S, J, T.
« Ratio of median fiducial amplitudes: R/P and R/T.
o Median of the interval length: PR, PS, PT, QT, QRS, RS,
ToT, TTe.
« Slope ascending and descending of the T wave.
« negative percentage of QRS.
These 19 biomarkers were automatically computed for all
the 12 leads after a step of fiducial points localization.
Both the fiducial points localization and the computation
of the average QRS for each lead were done thanks to the
open-source ECGDeli package [6] executed on MATLAB
R2023b.
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Figure 1: Morphological features extraction: Interval width, negative %
of the signal, amplitude of the fiducial points and slopes of the waves.

2.2.2. Hermite transform

After creating an average QRS complex for each lead,
we computed its Hermite transform [3]. These mathemat-
ical functions are able to provide a compact description of

the QRS morphology. Indeed, thanks to their shape, they
are able to recover the majority of the QRS waveforms.
Few Hermite functions are needed to describe the QRS.
Figure 2 represents the first four Hermite functions (®;)
used in this study. Each QRS complex is approximated by
a linear combination ¢ of these functions:

N=3
q(t) = ) a;®;(t) (1)
=0

where a; are the coefficient of the linear combination.
These Hermite coefficients were extracted for each lead
and each patient of the database.
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Figure 2: The first four Hermite functions (®g, ®1, P2 and $3).

In addition, the root mean square error (RMSE) between
the approximated QRS (¢(¢)) and the original QRS signal
(s(t)) was computed on the 12 leads.

Nsamples— 1

;Z

Nsamples i—0

RMSE(s,q) = (s(ti) —q(t:))?
2
With the 4 first Hermite coefficients and the RMSE com-
puted on the 12 leads, (19+5)x12 leads = 288 biomarkers
were in total extracted.

2.3. Machine Learning Algorithms

RVH classification was performed using three super-
vised machine learning algorithms: logistic regression
(LogReg), random forest (RF) [7] and support vector ma-
chine (SVM) [8]. Figure 3 sums up the different steps ap-
plied for the three classifiers. The PTB-XL was separated
into training and testing sets encompassing the 70% and
30% of cases respectively. Due to the imbalance of the
database, the majority label of the training set was ran-
domly downsampled to be equal to the minority label.

2.3.1. Feature Selection Process

The sequential floating forward selection (SFFS) pro-
cess was applied on the training set thanks to the Python
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Figure 3: Methodological steps separated in training-test (top) and vali-
dation phase (bottom).

library Scikit-Learn [9, 10]. At each stage, the best feature
was added based on the cross-validation score of the clas-
sifier: the area under the curve (AUC). The Monte Carlo
cross-validation (CV) was done with 5 folds on the train-
ing set and the maximum of features was set to 30. The op-
timal combination was then selected as the best CV AUC
score after the cycle of forward and backward selection re-
peated until the maximum of features was reached.

2.3.2. Model training

After the step of feature selection, the cross-validation
method was redone 100 times on the PTB-XL database.
At each iteration, a new downsampling of the majority la-
bel in the training set was done. Since the result appear
satisfying in the PTB-XL test database, a final model was
trained (after downsampling of the majority label) for each
of the three classifiers on the complete database and vali-
dated on the Georgia database.

3. Results

Hermite Approximation: As all the other biomarkers,
Hermite approximation of the QRS of each lead was com-
puted for each patient. All the approximations do not fit
perfectly the original ECG signal (a limited number of
4 Hermite functions was used) for all the patients, but
this information is included in the RMSE score. Figure
4 presents two Hermite approximation for two QRSs, with
different RMSE.

We can notice that Hermite functions better fit on signal
without any fragmentation on the QRS. The simpler the
QRS morphology is, the lower is the fitting error.

Feature Selection Process: Table 1 shows the features
selected after the SFFS. Only few features were selected
and for the three algorithm, the amplitude of the R peak
in lead V1 appears as the main one. In second position,
there is the RMSE of the Hermite approximation on lead II
for the logistic regression and on lead aVR for the RF and
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Figure 4: Two example of Hermite approximation for two RVH patients
on different lead.

SVM. Then the T wave is represented with the descending
and ascending slope respectively for the logistic regression
and the RF and by its amplitude for the SVM. SVM have
another feature selected at the third place: the amplitude
of the S point on lead I. This reduced number of features
selected by SFFS bodes well for the generalization ability
of the future classifiers.

N LogReg RF SVM

1 R amplitude (V1) R amplitude (V1) R amplitude (V1)

2 Herm RMSE (I Herm RMSE (aVR)  Herm RMSE (aVR)
3 T slope des (II) T slope asc (I) S amplitude (I)
4 - - T amplitude (V2)

Table 1: Features selected by the SFFS for the 3 classifiers: Logistic
Regression (LogReg), Random Forest (RF) and Support Vector Machine
(SVM).

Validation: After being trained on the PTB-XL
database, the model was applied on the Georgia database.
The validation step was repeated 100 times to verify that
the random downsampling has no major effect on the train-
ing. Figure 5 provides the obtained mean ROC curves
for the three type of algorithm and their standard devia-
tion. The RF classifier presents the higher standard devia-
tion through the repetition of training that differ due to the
downsampling.

However, it is a classifier with very good perfor-
mance with an accuracy of 88.0£3.6% with a sensitiv-
ity in predicting RVH of 87.0£3.1% and a specificity
of 88.1+£3.8%. The logistic regression classifier and the
SVM have respectively an accuracy of 95.9+0.7% and
97.010.0%, sensitivity of 84.5+£1.3% and 58.0+0.0% and
specificity of 96.5+0.7% and 99.01+0.0%

4. Discussion

As previously mentioned, the reduced number of fea-
tures selected for the classification produce particularly
good results and underline the models’ generalization ca-
pacity and the absence of overfitting.

Moreover, the features automatically selected by the
SFES process well connect with the one proposed in clin-
ical recommendations. In fact, in the literature, numerous
criteria are derived from the R amplitude in V1 but also
of S [2]. So it is not a surprise to find this criterion on
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Figure 5: ROC curves of the 3 algorithms: Logistic Regression (LogReg),
Random Forest (RF) and Support Vector Machine (SVM), on the valida-
tion database.

top of each SFFS. These tall R waves in right precordial
leads suggest pressure overload and could be associated
with right axis deviation, as well discussed in the litera-
ture. In third position for LogReg and RF and in fourth
for SVM, we found the T waves. This matches with the
frequently associated ST depression and T wave inversion
clinically observed in these patients.

With a higher fitting error observed for patients with
RVH, which ranks second in the feature selection list, we
can hypothesize that this error might indicate the presence
of fragmented QRS. The presence of fragmented QRS rep-
resents distortion of signal conduction and depolarization,
which is related to myocardial scar or myocardial fibrosis.

Although the SVM algorithm provides the best accuracy
score, its lack of sensibility made it unsuitable for further
studies. However, the two other algorithms present very
interesting specificity and sensitivity scores. The quality of
the results adding to the reduced number of features used
and extracted automatically has to be noticed and augurs
well for future studies.

One of the main limitation is the lack of details on the
labelization process of both of the database.

Future work should consider a multi-class classification,
introducing left ventricular hypertrophy as well as valvular
overload or enlargement. Moreover, integrating more com-
plex patient diagnosis with multiple diagnosis labelization
must be considered. More complex classification methods
could also be investigated.

5. Conclusion

12-lead ECG from two major publicly available
databases were analyzed to proposed a sensitive classifier
for RVH detection. The algorithms focused on the ECG
morphology based on classical extracted biomarker and
Hermite function derived features. Classification results
achieved a minimum accuracy of 88% with two algorithms
that reached sensitivity of 85%. This finding highlights the

benefice of machine learning to gather clinical findings in
the ECG-based automatic detection of RVH.
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