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Abstract—CineECG, a vectorcardiography-based meth-
od, uses standard 12-lead electrocardiography and 3D heart
and torso models to depict the electrical activation path
during the heart cycle, offering detailed visualization of
cardiac electrical activity without numerical quantification.
Our research aims to quantify CineECG outputs by defining
54 features that describe the route, shape, and direction of
electrical activation. These features were used to develop a
multinomial regression model classifying electrocardiogra-
phy signals into normal sinus rhythm, left bundle branch
block, right bundle branch block, and undetermined ab-
normalities. Trained and tested on 6,860 signals from the
PhysioNet/Computing in Cardiology Challenge 2020 and
THEW project, the model achieved an F1 score over 84%
(normal sinus rhythm: 93%, left bundle branch block: 93%,
right bundle branch block: 90%, undetermined abnormali-
ties: 84%). The results suggest CineECG’s potential in en-
hancing electrocardiography interpretation and aiding in
the accurate diagnosis of various abnormalities.

Index Terms—CineECG, electrocardiography, left
bundle branch block, right bundle branch block,
vectorcardiography.

Impact Statement—Utilizing quantified CineECG output,
achieved 89.68% global accuracy in classifying ECG sig-
nals, thus enhancing ECG interpretation and aiding in the
accurate diagnosis of cardiac abnormalities.
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I. INTRODUCTION

THE electrocardiogram (ECG) is a fundamental diagnostic
non-invasive and low-cost tool in cardiology, providing

valuable insights into cardiac electrical activity. Since its stan-
dardization into 12-leads ECG by the American Heart Associ-
ation in 1954 [1] it is the most used test in the daily clinical
routine, considering its ability to capture the electrical activity
of the heart from multiple angles [2]. Any modification from the
standard waveform can be an index of dysfunction or pathology
[3]; thus, an accurate ECG interpretation is mandatory for early
detection and management of heart conditions (e.g., arrhythmia),
or to guide treatment decisions (e.g., medication) and interven-
tions (e.g., ablation). Moreover, regular ECG monitoring may
help to track disease progression, improve patient outcomes and
prevent misdiagnosis, reducing risks of inappropriate treatments
or delayed actions.

Standard 12-lead ECG is widely used to diagnose cardiac
abnormalities. However, ECG interpretation is still a very chal-
lenging task due to intersubject variability (e.g., differences
in heart anatomy, electrical conduction patterns … etc.), in-
trasubject variability (stress, artifacts, medication … etc.) and
symptoms similarities, (e.g., left bundle branch block (LBBB;
Fig. 1(b)) and right bundle branch block (RBBB; Fig. 1(c)) are
common conduction abnormalities marked by prolonged QRS
duration compared to that of a healthy subject with normal sinus
rhythm (NSR; Fig. 1(a))). However, in LBBB, the electrical
pathway to the left ventricle is compromised, specifically in the
His-Purkinje system, provoking a delay in the depolarization
[4], [5] On the contrary, RBBB is caused by a compromission
of the electrical pathway to the right ventricle [6]. Moreover,
the cardiac electrical pathway is not recognizable from the
12-leads. These issues make the visual ECG interpretation and
classification hard (accuracy is estimated to be around 54% [7]).

In the literature, vectorcardiography (VCG) was proposed as
a different representation of the cardiac electrical activity to
simultaneously obtain both spatial and temporal information.
VCG assumes that the source of cardiac electrical activity is
a single fixed dipole, represented as a fixed origin vector in
3D space (body anatomical axis). VCG can be estimated from
the standard 12-lead ECG using a 3-by-8 matrix of coefficients
[8]. Despite its potential as spatial-temporal representation of
the electrical heart activity, VCG is difficult to interpret be-
cause of its complex patterns. Moreover, VCG is susceptible to
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Fig. 1. Standard 12-lead ECG, (a) for an NSR case, (b) for a case diagnosed with LBBB, and (c) for a case diagnosed with RBBB and PathECG
generated by CineECG for (d). NSR case, (e), LBBB case, and (f), RBBB case, the time map is represented as a colored line at the bottom of the
figure. In the standard ECG of an LBBB patient we can observe a prolonged QRS duration, with broad notched or slurred R waves in leads I, aVL,
V5, and V6, an RS pattern in leads V5 and V6 due to displaced QRS transition; absence of Q waves in leads I, V5, and V6; a narrow Q wave in lead
aVL without myocardial pathology; R-peak time longer than 60ms in leads V5; and ST and T waves in the opposite direction to the QRS complex.
In the standard ECG of an LBBB patient, a prolonged QRS duration can be noticed as well, while in leads V1 or V2 an rsr′, rsR′, rSR′, or rarely a
qR pattern is observed, with the R′ or r′ deflection typically wider than the initial R wave ;some patients may show a wide, often notched R wave
pattern in leads V1 and/or V2. Additionally, an S wave longer than the R wave or exceeding 40ms in leads I and V6 is noted in adults. The R peak
time is normal in leads V5 and V6 but exceeds 50ms in lead V1. While in PathECG, NSR, propagates through the septum, moves toward the apex
and the left free wall, before making a turn towards the base at around R peak occurrence, propagates towards the apex while shifting to the interior
and the septum, and finally moves toward the apex during the T-wave. In LBBB, PathECG starts from the right ventricle, travels through the septum
to the left ventricle, and during the repolarization, travels from the left ventricle to the right ventricle. Finally, in RBBB PathECG starts from the left
ventricle, moves towards the right ventricle through the septum, and then upon the repolarization travels toward the base.

information loss, because of the simple assumption it relies on
(i.e., fixed dipole).

Another spatial-temporal representation of the heart electri-
cal activity, named CineECG [9], was introduced. CineECG
provides PathECG, an easy-to-interpret view of the cardiac
electrical activity by combining the standard 12-lead ECG with
the 3D heart and torso models. PathECG represents the average
anatomical location of the cardiac cells that simultaneously
undergo a change in transmembrane potential at a certain point
of time. It overcomes the main limitation of VCG by using
the heart axis as the frame of reference of a moving vector.
Panel D of Fig. 1 shows PathECG of a healthy subject, show-
ing normal sinus rhythm (NSR), while panels E and F show
PathECG of patients affected by LBBB and RBBB respectively.
PathECG is very intuitive because it is visually associated with
the physiopathology of heart depolarization and repolarization.
Moreover, PathECG is mapped into an anatomical model of
the patient’s heart, allowing for a personalized interpretation
and avoiding issues related to inter- subject variability, typical
of traditional ECG. Several studies demonstrated the utility of

CineECG as visual tool in the clinical setting [10], [11]. Differ-
ently, Pociask et al. [12] attempted a quantitative approach by
evaluating the percentage of PathECG and median ECG waves
(termed WaveECG) falling within normal trends (Fig. 2) ob-
tained using 14380 standard 12-lead ECG recordings taken from
the Physikalisch Technische Bundesanstalt (PTB-XL) database,
achieving an accuracy of 87%. However, this approach used only
one feature (percentage) to interpret PathECG and WaveECG
and provided only normal/abnormal classification.

The aim of the present work is to quantify PathECG and
WaveECG with multiple features and to investigate the impor-
tance of these features in discriminating NSR, LBBB, RBBB
and other cardiac rhythms.

II. MATERIALS AND METHODS

A. Data

Overall, 6860 standard 12-lead ECG were used in this
study- The ECGs categorized into four classes: 2645 NSR,
635 LBBB, 1580 RBBB, and 2000 undetermined (UND, i.e.,
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Fig. 2. (a) WaveECG for the standard 12-lead ECG. (b)–(d) 2D projections of PathECG normal trends across three cardiac anatomical planes:
(b) Left–right, (c) base–apex, and (d) anterior–posterior. The shaded orange areas represent the normal signal trends. An example signal (shown
in green) falling within the range is provided to illustrate a healthy case. Vertical lines mark key points: black, red and blue for QRS onset, offset and
T-wave offsets respectively in WaveECG, and red and green for QRS offset and T-wave onset in PathECG.

cases presenting diagnosis of other ventricular disorders). These
ECGs were taken from two dataset sources: 6425 ECGs (3375
M, 3050 F, 56.89±17.68 Years) were taken from The Phys-
ioNet/Computing in Cardiology Challenge 2020 [13], which in-
cludes: the CPSC/CPSC-Extra Database, containing 10330 12-
lead ECG stored for the “China Physiological Signal Challenge”
in 2018 [14] (records last from 6s to 60s; sampled at 500 Hz);
the St Petersburg INCART 12-lead Arrhythmia Database, con-
taining 74 recordings derived from 32 Holter monitor records
(records last 30 minutes; sampled at 257 Hz); and the Georgia
database, containing 10344 12-lead ECGs (records lasts 10s;
sampled at 500 Hz). Annotation related to encoded diagnosis
was available for each record. 435 ECGs (284 M, 151 F, Age
not available) were taken from the “Strict LBBB” from The
Telemetric and Holter ECG Warehouse (THEW) hosted by Uni-
versity of Rochester Medical Center [15]. It included 10s 12-lead
Mason-Likar ECGs, taken from 602 patients (sampled at 1 kHz).
To ensure data homogeneity, ECGs with double diagnoses were
not included. Signals that are distorted by noise in a way that it is
not possible to detect key points to computing WaveECG were
not included as well. When considering the THEW dataset, only
ECGs annotated as “Strict LBBB” and “LBBB” were included
[16]. To simulate a real clinical scenario, the UND category was
created, by considering data acquired from subjects presenting
diagnosis of ventricular disorders.

B. CineECG Methodology

CineECG algorithm [9] requires three inputs (Fig. 3(a)), the
12-lead ECG, and the heart and the torso 3D models (if not
available, like in this study generic models are used). Initially,
ECG baseline correction is performed, and the WaveECG is
computed (Fig. 3(b)). Then, VCG is calculated by using a
recursive approach (Fig. 3(c)) detailed in (1):

−−−−−→
VCG(t) =

9∑
n=1

Ln(t) an

(
r̃n − r̃ref(t)

||̃rn − r̃ref(t)||
)

(1)

where:
−−−−−→
VCG(t) is the VCG vector at a certain point of time t;

Ln is the ECG of the lead number n (n =1 …9, representing the
3 fundamental leads and the 6 precordial leads respectively); an
is a scaling factor; r̃n is a vector from center of mass of the heart
(assumed to be the reference point) to the nth lead electrode
(provided by the 3D models); eventually, r̃ref(t) is either the
CineECG vector at (t− 1) (defined as in (2)), or 0 if at time
origin (t = 0) , set in correspondence of mid QRS-complex
occurrence. Finally, VCG is used to calculate CineECG vector
(Fig. 3(d)) as in (2):

−−−−−−−−→
CineECG (t) =

−−−−−−−−−−−→
CineECG (t− 1) + velocity

−−→
VCG

||−−→VCG||
(2)
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Fig. 3. Flowchart representing the CineECG algorithm, starting with input gathering (panel A), WaveECG computation (panel B), VCG vector
calculation (panel C) and CineECG victor calculation, from which PathECG is obtained (panel D). Circles represent input/output, solid rectangles
represent processes, and dashed rectangles and arrows represent assumptions.

where velocity represents the step speed at which a new Ci-
neECG vector is computed and is assumed to be 0.7 m/s. This
assumption is a tradeoff between the longitudinal propagation
speed of the action potential, its transmural propagation speed
and its speed in areas with a dense concentration of Purkinje-
myocardial junctions [9]. The calculation is performed forward
in time (t>0) and backward in time (t<0) to cover the WaveECG
segment from QRS-complex onset to T-wave end. The path of−−−−−−−−→
CineECG(t)in the heart model is PathECG.

C. Feature Extraction

CineECG features consist of the 54 features reported and de-
scribed in Table I. They were used to quantify CineECG output,
i.e., WaveECG and PathECG. Physiologically, CineECG fea-
tures allow for a detailed interpretation of ECG morphologies,
capturing different segments of ventricular depolarization and
repolarization. Indeed, WaveECG contains information about
ECG amplitude and shape, while PathECG contains informa-
tion about ECG shape and direction of the action potential
propagation. Deviations of WaveECG and PathECG from those
of healthy subjects, which are considered as references, reflect
abnormalities in the cardiac electrical.

D. Classification Model Construction

A classification model was constructed to classify the data into
four classes, which are NSR, LBBB, RBBB and UND. The data
were split into train and test sets, using 50% as a splitting ratio
[17]. The training set was used to train a model, while the test
set was used only to evaluate the model performance to avoid

overfitting. Since this is a multiclass problem, a multinomial
logistic regression (MLR) was utilized. MLR is an extension of
the binary logistic regression, allowing the possibility to model
the probabilities of possible outcome of a categorical dependent
variable. Each outcome (in this study there are four classes,
thus k = 1, 2, 3, 4 and K = 4) is associated with a probability
P (Y = k), where the probability of an outcome is computed as
in (3):

P (Y = kx) =
exp (β0k + x · βk)∑K
j=1 exp (β0j + x · βj)

(3)

where Y is the outcome, x is the vector of input features, βk is
the vector of coefficients for outcome k and β0k is the intercept
for outcome k. The model was implemented inside a Python
environment, trained using Newton-Raphson method based on
the conjugate gradient algorithm as optimization algorithm.

E. Statistical Analysis

To evaluate the performance of the proposed model, the
receiver operating characteristic (ROC) using one-vs-all anal-
ysis were computed and characterized in terms of area under
the curve (AUC) and 95% confidence intervals (95%CI). For
each class we evaluated the confusion matrix, considering the
50% operating point, and the following evaluation metrics: the
accuracy (ACC), positive predictive value (PPV), negative pre-
dictive values (NPV), false discovery rate (FDR), false omission
rate (FOR), true positive rate(TPR), false negative rate (FNR),
false positive rate(FPR), true negative rate (TNR), Matthews
correlation coefficient (MCC), and F1 score (F1), in both training
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TABLE I
CINEECG FEATURES ACRONYMS AND DESCRIPTION

and testing sets:

ACC = TP + TN/TN + TP + FP + FN (4)

PPV = TP/TP + FP (5)

NPV = TN/PN (6)

FDR = FP/TP + FP (7)

FOR = TN/PN (8)

TPR = TP/TP + FN (9)

FNR = FN/TP + FN (10)

FPR = FP/TP + FN (11)

TNR = TN/TN + FP (12)
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MCC =
√

TPR × TNR × PPV × NPV

−√
FNR × FPR × FOR × FDR (13)

F1 = 2× PPV × TPR/PPV + TPR (14)

where TP are the true positives, TN are the true negatives, FP
are the false positives, FN are the false negatives. Additionally,
Global Accuracy (GACC) was computed as the proportion of
correctly classified cases out of the total number of cases across
all classes. To evaluate the role of each feature in the assignment
of a specific class, the values of the coefficients associated to
each feature assigned to each class were ranked: by magnitude
indicates the strength of the relationship, while the sign reflects
the effect in the response variable. Moreover, the Wald Test
was applied to the coefficient to test the hypothesis of the
coefficient equal to zero (significance level set at 0.05). Finally,
artificial neural networks (ANN) consist of one hidden layer,
support vector machine (SVM), decision tree (DT) and random
forest (RF) were implemented to compare the method with other
machine learning methods.

III. RESULTS

Panel A of Fig. 4 presents violin plots showing the distribu-
tion of all 54 extracted features across the four classification
categories, and panels B through E display the ROC curves
for each class, along with the corresponding AUC values and
95%CI. Evaluation metrics for each class and model, across both
training and test sets, are summarized in Table II. For the ANN,
SVM, DT, and RF models, the relative performance difference
compared to the MLR model is also reported. The MLR model
achieved a GACC of 91.14% on the training set and 89.68% on
the test set. Table III lists the coefficient values of the MLR model
for each class. Notably, 85% (46 out of 54) of the CineECG
features were statistically significant (i.e., coefficients signifi-
cantly different from zero) in at least one class, highlighting the
relevance of these features for classification. Fig. 5 illustrates a
bar chart of the actual coefficient values, annotated with feature
ranks. The ranks are presented in descending order of coefficient
magnitude, where rank 1 corresponds to the feature with the
highest absolute coefficient value, and rank 55 to the lowest
(among the features we considered the intercept as well).

IV. DISCUSSION

This study quantified PathECG and WaveECG with multiple
features and investigated the importance of these features in
discriminating NSR, LBBB, RBBB and UND. CineECG Fea-
tures (Table I) were selected to capture key aspects of WaveECG
and PathECG deviations. Such deviations were characterized
in terms of their magnitude (quantified by the WaveECG and
PathECG percentage within reference trends) their location
(indicated by the analyzed ECG segments) and their nature
(quantified by the TCR and direction). Results indicate that
these features were able to distinguish between normal and
abnormal patterns while ensuring interpretability. Alternative
features such as frequency-domain coefficients were considered
in unreported preliminary evaluations, but were successively

excluded due to redundancy, or difficulty of interpretability.
Given the large amount of data, 50%/50% split was used [17]
where 50% of the data was kept hidden from the training pro-
cedure to ensure the generalization of the model and to prevent
it from overfitting and was used to measure the performance
of the model. Evaluation metrics demonstrated that the model
performs well across all classes, with particularly high TPR
(95.31%, 92.45%) for the NSR and LBBB classes, indicating
strong classification performance for these rhythms. The bal-
anced TPR and PPV values for the UND class also indicate reli-
able performance for more ambiguous cases. High TNR values
indicate that the model is very effective at identifying negative
cases for each class, with almost perfect TNR for LBBB, while
the high TOR values, especially for SNR, indicate that the model
is highly effective at identifying positive cases, with a drop for
UND. The Wald test showed that only a few features (15%)
were not statistically significant for classification; however, most
(85%) of the features were statistically significant in at least one
class. The importance of the features was evaluated using the
magnitude of their coefficients. Some similarities were found
among classes (Fig. 5); for example, both NSR and UND share
σW as the highest amplitude while RBBB and LBBB share
%RangeLThese findings agree with what we see in panels D
and E in Fig. 2 as PathECG, in both cases, is diverted from
the normal path by going toward the left ventricle in case of
LBBB (hence the positive sign of the coefficient), and toward
the right ventricle in case of RBBB (hence the negative sign of
the coefficient) because of their compromised electrical path. In
fact, this difference in the sign of the coefficients between the
two classes appeared in multiple features especially if related to
left/right direction, which is an agreement with what is known
in clinics. Across classes, the coefficients related to direction
showed higher amplitudes compared to those related to the
portion of both PathECG and WaveECG inside the normal trend
and those related to TCR. This might be due to the chosen cardiac
abnormalities (LBBB, RBBB).

We use MLR model based on its interpretability, but we
also compared other models. SVM, DT and RF did not show
improvement in terms of the evaluation metrics, specifically in
the test where these models showed overfitting.

Differently, ANN showed some improvements, due to its
ability to better handle non-linearity, while this confirms the
efficiency of deep learning techniques [18], ANN nature makes
clinical interpretation hard and requires more resources than
other models. In some cases, ANN even requires a graphic
processing unit to train, that also means higher training time,
unlike MLR, which has linear complexity, thus its training time
is lower and can be interpreted using its coefficients.

In previous research, CineECG was used to study complex
conduction disorders and showed a high ability to describe
complex cases. Examples are the evaluation of group beating
bradycardia with a combination of RBBB and left anterior
fascicular Wenckebach block, along with a Mobitz II block
in the left posterior fascicle [19], the evaluation of a case of
Brugada syndrome, which is a life-threatening genetic disor-
der affecting the heart rhythm (arrhythmia) [20], and familial
ST-segment depression syndrome [11]. Furthermore, CineECG
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Fig. 4. Feature distributions and classification performance. (a) Violin plots depicting the distribution of all 54 extracted features across the four
classification categories. (b)–(e) receiver Operating Characteristic (ROC) curves for each class, illustrating the model’s performance. Area under
the curve (AUC) values and corresponding 95% confidence intervals (CI) are shown for each ROC curve.
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Fig. 5. Bar graph displaying the values of the model coefficients, with each bar labeled by a number indicating the descending order of the
coefficient’s amplitude for each class displaying the performance for each class: NSR (panel a), LBBB (panel b), RBBB (panel c), and UND (panel
d).
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TABLE II
EVALUATION METRICS FOR EACH CLASS (SNR, LBBB, RBBB, UND) AND MODEL (MLR, ANN, SVM, DT, RF) IN BOTH TRAINING AND TEST

showed promising results in visualizing the changes in the
electrical activity in ischemic patients [10]. Despite these results,
none of these works tried to provide an automatic diagnostic tool
by quantifying the paths generated by CineECG. Boonstra et al.
[21] tried to quantify the output of CineECG to train a model and
perform classification into five classes, by applying the quantifi-
cation approach based on calculating the mean temporo-spatial
isochrone trajectory. The research considered only 500 patients,
which was not sufficient to statistically cover all the class vari-
ances. Differently, our work tried to overcome the shortage of
data by including multiple data sources (from publicly avail-
able databases), guaranteeing also reproducibility of the results.

Moreover, our work investigated many features that are derived
from the CineECG output. The approach of characterizing the
paths into features provides a better understanding of the al-
gorithm and its output, moving the interpretation from being
visual to quantitative numerical. Clinically this method would
provide a useful clinical tool that would combine the visual heart
anatomical-based output (PathECG), that is easier to interpret
than the traditional 12-lead ECG, with a categorical diagnosis,
and since CineECG is a user-friendly tool, it can be integrated
into real life clinical scenarios, as a cloud service for emergency
environments like ambulances, or as stand-alone software on
workstations in hospitals and clinics. Indeed, CineECG can deal
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TABLE III
VALUES OF EACH MODEL COEFFICIENT FOR EACH CLASS

with signals coming from different machines without requiring
any preprocessing; thus, this tool potentially represents a fast
diagnostic tool that combines specific diagnostic with visual out-
put in support clinical decision Despite its strengths, CineECG
presents the limitation of using generic torso and heart models,
whose can affect the calculation of the VCG. However, the
interpretation of the CineECG path may be more personalized
if the software would be combined with an auto segmentation
of the heart and torso from imaging modalities. Thus, future
studies will evaluate the possibility of evaluating the possible
integration of image processing tools in CineECG, to have a
complete personalized tool, but the main limitations of this study
are related to the availability of annotated ECG data and com-
parison with the experience of clinicians. Indeed, some disease
categories have a limited availability of ECG (e.g., LBBB),
and others are not available (e.g., acute coronary syndrome).
Moreover, a quantitative comparison with clinical experience
should be assessed to demonstrate if our machine learning tool
interpretation may support clinical practice. Therefore, future
works can investigate the possibility to include data from more
abnormalities and to validate the classification through manual
visual inspection of clinical experts across a different population.

IV. CONCLUSION

CineECG can be characterized in terms of quantitative fea-
tures that can be used as inputs for an efficient heart-rhythm
classification model. CineECG features provides a better under-
standing of the CineECG algorithm and of its outputs (PathECG
and WaveECG), moving the interpretation from being only
visual to also quantitative.
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