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A B S T R A C T

Background: Timely diagnosis of impaired systolic function and left ventricular hypertrophy (LVH) remains a 
clinical challenge. Routine electrocardiography provides limited diagnostic accuracy for detecting early or subtle 
structural abnormalities. Vectorcardiography (VCG), which captures the spatial and temporal characteristics of 
cardiac electrical activation and repolarization, may offer a rapid, scalable, and cost-effective alternative for 
screening structural heart disease.
Objective: To evaluate the diagnostic performance of VCG for identifying impaired systolic function and left 
ventricular hypertrophy compared with cardiac magnetic resonance imaging.
Methods: This prospective case-control study included 245 participants undergoing both CMR and VCG. Among 
245 participants, 40 had reduced LVEF (<40%) and 208 met CMR criteria for LVH; 34 patients had both con
ditions. Patients were classified as having impaired systolic function (left ventricular ejection fraction [LVEF] 
<40%), LVH (indexed left ventricular mass ≥ 55 g/m2), or controls with structurally normal hearts. VCG was 
obtained using a five‑lead system (cardisiography), and signals were processed by an AI algorithm extracting 583 
parameters. Diagnostic performance was evaluated using CMR as reference.
Results: The repolarization time-difference ratio (Rpeak–Tonset / QRSend–Tpeak) showed the best diagnostic 
performance for impaired systolic function, with an area under the curve (AUC) of 0.843, sensitivity of 80.0%, 
and specificity of 83.9%. In LVH patients, three parameters—T-wave azimuth, T-wave magnitude, and azimuth 
variability—showed AUCs ranging from 0.739 to 0.791. Overall diagnostic accuracy was 81.7% for impaired 
systolic function and 78.2% for LVH, and 83.1% for the combined phenotype of reduced LVEF and LVH.
Conclusion: VCG reliably detects left ventricular systolic dysfunction and hypertrophy. This approach offers a 
scalable and interpretable screening tool, especially valuable in settings with limited access to advanced cardiac 
imaging. Future multicenter studies are needed to validate these findings and support clinical implementation.

Introduction

Heart failure (HF) with reduced ejection fraction is a significant 
public health concern, with rising prevalence and persistently high rates 
of mortality and morbidity (1,2). Left ventricular hypertrophy (LVH) is 
prognostically relevant for HF and other cardiovascular diseases (3,4). 

Early diagnosis of both HF and LVH is crucial for initiating timely 
treatment. However, these cardiac alterations present diagnostic chal
lenges due to their often subtle and gradual progression (5). Non- 
invasive techniques play a critical role in early detection, allowing for 
more effective treatment. Echocardiography is recommended for both 
the initial evaluation and ongoing follow-up of patients with heart 
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failure or cardiomyopathy (6,7). Additionally, cardiac magnetic reso
nance imaging (CMR) is advised for the initial assessment of patients 
with cardiomyopathy (7). However, both echocardiography and CMR 
are resource-intensive, often associated with high costs, long waiting 
times, and the need for specialized personnel. Consequently, there is a 
growing demand for a faster, cost-effective, and easily accessible non- 
invasive testing method to detect functional and structural alterations.

Electrocardiography (ECG) is a key component of patient's initial 
evaluation and follow-up (8,9). However, traditional ECG methods have 
limited sensitivity in detecting these conditions due to their two- 
dimensional nature (8,9). In contrast, vectorcardiography (VCG) offers 
richer spatial and temporal information than the 2D surface ECG. 
Modern clinical VCG traces back to mid-20th-century developments (e. 
g., Frank's orthogonal lead system), followed by periods of waning 
clinical use and later revival through mathematical synthesis of VCG 
from standard 12‑lead ECG and, most recently, AI-assisted analysis 
(10–12). These advances enable robust assessment of depolar
ization–repolarization vectors with established diagnostic and prog
nostic value. It enables a spatial representation of the entire electrical 
conduction process in one plane, in contrast to an ECG. By recording 
signals in three planes (horizontal, frontal, and sagittal), a spatial rep
resentation is achieved (12–14). This might offer new diagnostic possi
bilities in detecting HF and LVH.

The aim of this study is to evaluate the diagnostic potential of 
modified VCG in detecting functional and structural alterations, spe
cifically with impaired systolic function and LVH. The study will assess 
whether VCG provides enhanced viability as a faster, more cost- 
effective, and accessible non-invasive diagnostic tool for clinical 

practice.

Methods

Study design

This prospective case-control study enrolled patients with impaired 
systolic function, patients with left ventricular hypertrophy (LVH), as 
well as patients presenting with both reduced LV-EF and LVH, in order to 
investigate specific patterns in VCG signals associated with cardiac 
dysfunctions and the degree of structural remodeling. The overall 
analytical workflow for identifying structural cardiac abnormalities 
using VCG is summarized in Fig. 1.

Setting

The study was conducted at the Department of Cardiology, Angiol
ogy, and Pneumology at Heidelberg University Hospital. Between 
January 2023 and February 2024, potential participants underwent 
cardiac magnetic resonance imaging (CMR) as part of routine clinical 
practice. These CMR examinations were performed to identify func
tional or structural heart disease based on clinical indications.

The recruitment and examinations were conducted in accordance 
with the guidelines of the Ethics Committee (S-421/2022) of the Medical 
Faculty of Heidelberg and the current version of the Declaration of 
Helsinki. All patients and controls received detailed information, and all 
procedures were carried out only after obtaining written informed 
consent.

Fig. 1. (Graphical abstract) Vectorcardiographic assessment of structural cardiac abnormalities: workflow and diagnostic accuracy. 
Footnote: Structural cardiac abnormalities were defined as reduced left ventricular ejection fraction (LV-EF), the presence of left ventricular hypertrophy (LVH), or 
the combination of both conditions. Vectorcardiographic (VCG) parameters were extracted from affected patients and healthy controls. Statistical testing identified 
parameters that significantly differentiated disease from control. Sensitivity, specificity, and overall diagnostic accuracy were calculated for each group. Panel A 
illustrates the analytical workflow, while Panel B summarizes diagnostic performance results for reduced LV-EF, LVH, and the combined phenotype. 
VCG: vectorcardiography; EF: ejection fraction; LV: left ventricle.
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Participants

Patients with reduced left ventricular ejection fraction (LV-EF) were 
classified as Group 1 (LVEF <40%). Patients with left ventricular hy
pertrophy (LVH, indexed LV mass ≥ 55 g/m2) were classified as Group 2. 
Patients presenting both reduced LV-EF (<40%) and LVH were classified 
as Group 3 (overlap group).

Selection of controls

To enable a comparison of VCG parameters, subjects without func
tional or structural abnormalities were included as controls. The indi
cation for CMR examination in the control group was based on clinical 
criteria aimed at ruling out structural anomalies or pathological 
changes. Control group data were evaluated in the same manner as those 
of the patient groups. Exclusion criteria for the control group included 
any previous cardiovascular events (e.g., myocardial infarction, coro
nary artery disease), the presence of infarct-related Late gadolinium 
enhancement (LGE), or conditions such as hypertensive heart disease, 
amyloidosis, Takotsubo cardiomyopathy, non-compaction cardiomy
opathy, acute myocarditis, or congenital heart defects.

Vectorcardiographic signal acquisition

Vectorcardiographic signals were acquired using a five-electrode 
thoracic configuration (cardisiography; Cardisio GmbH, Frankfurt, 
Germany), a vectorcardiography-based recording technique that re
constructs three-dimensional cardiac electrical vectors from surface 
potentials. As previously described (12), three signal electrodes and one 
ground electrode were positioned in a predefined geometric arrange
ment on the anterior chest wall, while a fourth signal electrode was 
placed on the lower left side of the back to capture the third spatial 
dimension. From the resulting bipolar leads (H0, A, Ve, I, D), three- 
dimensional spatial vectors were computed using orthogonal projec
tion into a Cartesian coordinate system (x, y, z), according to the 
transformation described by Sanz (15).

All recordings were performed at rest over a four-minute acquisition 
period. Fiducial points, including QRS onset and offset, R-peak, Tonset, 
and T-wave end, were determined automatically using the proprietary 
signal-processing pipeline implemented in the Cardisiography system. 
QRS detection was performed using wavelet-based analysis, which en
ables robust identification of localized depolarization landmarks despite 
varying signal characteristics. T-wave delineation, including Tonset, 
was based on previously described approaches calibrated by clinical 
knowledge (16), combined with further refinements developed by the 
Cardisiography research and clinical team. These methods incorporate 
both signal morphology and physiological constraints to improve the 
robustness of T-wave boundary detection. Cross‑lead information from 
the full multi‑lead VCG signal set was incorporated to improve temporal 
precision and robustness. All fiducial points were derived automatically 
as part of the standardized Cardisiography analysis pipeline without 
manual annotation. The general methodological principles are based on 
established signal-processing approaches and clinically guided wave
form delineation. Intervals were therefore derived from the integrated 
multi‑lead signal representation rather than from a single lead in 
isolation.

Discriminating parameters were calculated as a dimensionless 
repolarization time-difference ratio (e.g. (Rpeak–Tonset)/(QRSend–T
peak)). From the resulting VCG time series, 583 parameters were 
extracted using an AI-assisted signal-processing framework. These pa
rameters comprised geometric, spatial, and temporal descriptors of de
polarization and repolarization, including vector magnitude, angular 
orientation (e.g., azimuth), velocity, acceleration, dispersion metrics, 
and loop-based features.

From this multidimensional parameter space, a set of candidate 
features was extracted for subsequent statistical evaluation against 

CMR-derived reference standards.

Cardiac magnetic resonance imaging

Standard CMR was performed on 1.5 T or 3 T Philips Ingenia™ 
scanners (Philips Healthcare, Best, The Netherlands) with a phased array 
receiver coil (17). Standard cine long-axis (2-, 3-, and 4-chamber) and 
contiguous short-axis stacks covering the LV were acquired using 
breath-hold bSSFP sequences with retrospective ECG or pulse-oximetry 
gating. Typical parameters were TR 2.8–2.9 ms, TE 1.4 ms, flip angle 
45–60◦, 35–40 phases per cardiac cycle, and breath-hold time 7–10 s per 
slice. Volumetric analysis was performed with CVI42 (Circle Cardio
vascular Imaging, Calgary, Canada) and vendor workstations (View
forum™ and IntelliSpace™ Portal, ISP™, Philips Healthcare, Best, The 
Netherlands). LV and RV volumes, ejection fraction, and LV myocardial 
mass were derived from manual tracing of endo- and epicardial contours, 
excluding papillary muscles.

Late gadolinium enhancement

LGE imaging was performed 10 min after intravenous administration 
of gadobutol (Gadovist™, Bayer HealthCare, Leverkusen, Germany) 
using a T1-weighted inversion recovery gradient-echo sequence with 
individually optimized inversion time. Imaging was repeated in an 
orthogonal plane to confirm findings, according to established protocols 
(18).

Statistical analysis

Statistical analysis was performed using MedCalc™, version 23.0.2 
(Ostend, Belgium) and MATLAB (version2020a) with p < 0.05 taken to 
indicate statistical significance for all statistical tests. Continuous vari
ables were tested for normality using the Kolmogorov–Smirnov test. 
Normally distributed data are presented as mean ± standard deviation 
and were compared between groups using one-way analysis of variance 
(ANOVA), with post-hoc pairwise comparisons using the independent t- 
test where appropriate. Non-normally distributed variables are reported 
as median and interquartile range (IQR) and were compared using the 
Kruskal–Wallis test, followed by pairwise Mann–Whitney U tests where 
indicated. Categorical variables are expressed as counts and percentages 
and were compared using the chi-square test.

For diagnostic evaluation of individual VCG parameters, ROC curve 
analyses were performed using CMR-defined reduced LV-EF (<40%), 
LVH (indexed LV mass ≥ 55 g/m2), or the combination of both as 
reference standards. The analytical framework was designed as a binary 
classification model (reduced vs. non-reduced LV-EF) based on the 
predefined CMR threshold; no regression model was fitted to predict 
continuous LV-EF values. Diagnostic performance was assessed by 
calculating the area under the ROC curve (AUC), as well as sensitivity, 
specificity, positive predictive value (PPV), negative predictive value 
(NPV), and overall accuracy at the optimal operating point.

For individual VCG parameters, optimal cut-off values were derived 
from receiver operating characteristic (ROC) curve analysis using the 
Youden index. These thresholds were determined on the basis of the full 
available dataset and were not derived from separate training and 
validation subsets. Various ECG and VCG parameters, as well as Fre
net–Serret descriptors, were taken into consideration. The classification 
for Groups 1 and 3 is based on the individually selected single param
eter. Classification performance is determined by selecting a suitable 
threshold from the ROC curve. The classification for Group 2 is based on 
three parameters, which are mapped via Bayes' theorem to the posterior 
probability of a patient being positive conditional on a given measure
ment. The Bayesian model is calibrated using data from 208 positive and 
31 negative patients, while accounting, without loss of generality, for 
the corresponding prevalence. A patient is classified as positive if the 
posterior probability of positivity, after incorporating the three 
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measurement-specific parameters, exceeds the patient's prior probabil
ity of being positive; otherwise, the patient is classified as negative. 
Although the posterior probability depends on the assumed prevalence, 
the present classification rule labels a patient as positive whenever the 
posterior probability exceeds the prior probability. Hence, the binary 
classification rule is invariant to the specific choice of prevalence, 
whereas the numerical posterior probabilities remain prevalence 
dependent.

Model performance—specifically sensitivity, specificity, positive 
predictive value (PPV), negative predictive value (NPV), and overall 
accuracy— was calculated using a parameter threshold for groups 1 and 
3. For group 2, classification was based on comparing the posterior 
probability from the Bayesian model (derived from the three selected 
parameters) with the prevalence, serving as the prior probability 
threshold. Accuracy was defined as (true positives + true negatives) / 
(true positives + true negatives + false positives + false negatives).

Results

Baseline characteristics of the study population

A total of 245 individuals were included in the study, comprising 
patients with structural and/or functional cardiac abnormalities as well 
as control subjects without detectable abnormalities on CMR. Groups 
were defined a priori based on CMR and were not mutually exclusive 
with respect to reduced LV-EF and LVH; specifically, group 3 represents 
the overlap of these two phenotypes. Among the 245 participants, 40 
patients had reduced left ventricular ejection fraction (LV-EF < 40%) on 
cardiac MRI (group 1). 208 patients showed left ventricular hypertrophy 
(LVH) with an indexed LV mass of 67 g/m2 (IQR 61–77 g/m2; group 2). 
Of the 40 patients with reduced LVEF, 34 also fulfilled criteria for LVH 
(overlap, group 3), leaving 6 patients with isolated reduced LVEF. The 
control group (group 4) consisted of 31 individuals with normal cardiac 
structure and function (mean LV-EF 62 ± 5.6%, indexed LV mass 40 g/ 

m2 [IQR 35–47 g/m2]).
Of the entire study population, 47 participants (16.8%) were female. 

Patients with LVH were predominantly male (86.5%) and significantly 
older than controls (63 vs. 54 years, p < 0.001). Individuals with com
bined LV dysfunction and hypertrophy (group 3) showed a similar age 
distribution to those with reduced LV-EF alone but tended to be slightly 
older than controls.

Left ventricular ejection fraction differed markedly between groups 
(p < 0.0001). Median LV-EF was 32% (IQR 23–37) in groups 1 and 3, 
54% (IQR 45–63) in the LVH group, and 62% (IQR 57–66) in controls.

Regarding symptom classification, no significant group differences 
were observed for Canadian Cardiovascular Society (CCS) classification, 
while New York Heart Association (NYHA) class was significantly higher 
in patients with reduced LV-EF compared with controls (p < 0.05 for 
group 1 vs. 4; p < 0.01 for group 3 vs. 4), indicating more frequent 
exertional dyspnea in these groups.

Cardiovascular risk factors were common across all subgroups. 
Smoking was more frequent among patients with reduced LV-EF (group 
1) (35.0%). Arterial hypertension was most prevalent in the LVH group 
(68.3%). Smoking differed significantly across groups, whereas the 
other cardiovascular risk factors did not show significant between-group 
differences. Detailed demographic, clinical, and imaging characteristics 
are summarized in Table 1.

Vectorcardiography in patients with reduced ejection fraction

Among the 583 vectorcardiographic (VCG) parameters analyzed, the 
repolarization time-difference ratio (Rpeak–Tonset / QRSend–Tpeak) 
showed the highest diagnostic utility for identifying patients with 
reduced left ventricular ejection fraction (LV-EF) (Table 2, Supple
mentary Fig. S1). This dimensionless ratio reflects the relative timing of 
repolarization landmarks within the cardiac cycle and does not involve 
the RR interval. When compared to cardiac magnetic resonance imaging 
(CMR) as the reference standard, the repolarization time-difference ratio 

Table 1 
Baseline characteristics, Values are mean ± standard deviation, median (interquartile range), or n (%).

Patient characteristics Reduced LV-EF (n 
= 40) (group 1)

LV-hypertrophy 
(n = 208) 
(group 2)

Reduced LV-EF 
and LVH (n = 34) 
(group 3)

Control group 
(n = 31) 
(group 4)

Group 
comparison

1 vs. 2 1 vs. 4 2 vs. 4 3 vs. 4

Age (years) 57 
(44–69)

63 
(49–71)

59 
(43–69)

54 
(39–61)

<0.05 0.118 0.122 <0.001 0.107

Male, n (%) 31 
(77.5)

180 
(86.5)

27 
(79.4)

21 
(67.7)

<0.05 0.143 0.360 <0.05 0.289

BMI (kg/m2) 27 
(25–30)

27 
(24–31)

27 
(25–32)

25 
(22− 32)

0.537 – – –

LV-EF (%) 32 
(23–37)

54 
(45–63)

32 
(24–37)

62 
(57–66)

<0.0001 <0.0001 <0.0001 <0.0001 <0.0001

CCS classification 0 
(0–1)

0 
(0–0.25)

0 
(0–1)

0 
(0–0.75)

0.941 – – –

NYHA classification 1 (0–2) 0 (0–2) 0 (0–2) 0 (0–1) <0.05 <0.05 <0.01 0.191 <0.01
Cardiovascular risk 

factors
Smoking, n (%) 14 

(35.0)
42 
(20.2)

13 
(38.2)

6 
(19.4)

0.037 <0.05 – –

Arterial hypertension, n 
(%)

23 
(57.5)

142 
(68.3)

20 
(58.8)

15 
(48.4)

0.109 – – –

Family history of CV- 
disease

19 
(47.5)

94 
(45.2)

14 
(41.2)

14 
(45.2)

0.959 – – –

Diabetes mellitus, n (%) 5 
(12.5)

22 
(10.6)

5 
(14.7)

1 
(3.2)

0.467 – – –

Hypercholesterolemia, n 
(%)

17 
(42.5)

101 
(48.6)

13 
(38.2)

11 
(35.5)

0.406 – – –

Footnote: Baseline characteristics of the study population across four groups: patients with reduced LV-EF, patients with LV hypertrophy, patients with both reduced 
LV-EF and LVH, and controls. This includes demographic data, cardiac function, and cardiovascular risk factors across three groups: patients with reduced LV-EF, 
patients with LV hypertrophy, and controls. Continuous variables are presented as median (25th–75th percentile). Group comparisons for non-normally distrib
uted variables were performed using the Kruskal–Wallis test. Categorical variables were compared using the Chi-square test.
CCS = Canadian Cardiovascular Society classification (I–IV); NYHA = New York Heart Association classification (I–IV); LV = left ventricle; EF = ejection fraction; BMI 
= body mass index.
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achieved a sensitivity of 80.0%, a specificity of 83.9%, a positive pre
dictive value (PPV) of 86.5%, and a negative predictive value (NPV) of 
76.5%, resulting in an overall diagnostic accuracy of 81.7% (Table 3, 
Fig. 2).

Vectorcardiography in patients with left ventricular hypertrophy

In patients with LVH, three VCG parameters demonstrated relevant 
diagnostic performance: T-wave azimuth, T-wave magnitude, and azi
muth variability (Table 2, Supplementary Fig. S2). The T-wave azi
muth quantifies the angular position of the T-wave loop vector in the 
horizontal plane and reflects directional changes in ventricular repo
larization over time. T-wave magnitude, expressed in millivolts, repre
sents the median amplitude of the repolarization vector. Azimuth 
variability reflects temporal fluctuations in the horizontal direction of 
the electrical vector.

Compared with CMR-defined LVH, the combination of these three 
parameters yielded a sensitivity of 77.9%, specificity of 80.6%, PPV of 
96.4%, and NPV of 35.2%, corresponding to an overall diagnostic ac
curacy of 78.2% (Table 3, Fig. 2).

Vectorcardiography in patients with concomitant reduced ejection fraction 
and left ventricular hypertrophy

In patients presenting with both reduced LV-EF and LVH, the repo
larization time-difference ratio again emerged as the most discrimina
tive parameter compared with controls. It achieved an AUC of 86.6% 
(Table 2, Supplementary Fig. S3). At the optimal operating point, 
diagnostic performance was: sensitivity 82.4%, specificity 83.9%, PPV 
84.8%, NPV 81.3%, and overall accuracy 83.1% (Table 3). Represen
tative cardiac vector loops and ROC curves illustrating the most 
discriminative VCG parameters across groups 1, 2, and 3 are shown in 
Fig. 2.

Discussion

Summary of main findings

This study assessed the diagnostic value of VCG for detecting left 
ventricular systolic dysfunction and hypertrophy, using CMR as the 
reference standard. Among the 583 VCG-derived parameters analyzed, 
selected markers showed high diagnostic accuracy in distinguishing 
patients with reduced ejection fraction and those with left ventricular 
hypertrophy from controls. The VCG approach demonstrated good 
sensitivity and specificity, supporting its potential as a non-invasive and 
accessible tool for early detection of structural and functional cardiac 
abnormalities.

Physiological interpretation of selected VCG features

The most informative VCG parameter for detecting reduced LVEF 
was a repolarization time-difference ratio (Rpeak–Tonset / QRSend–T
peak), reflecting the relative timing of repolarization landmarks within 
the cardiac cycle. A prolonged QT interval in relation to the cardiac 
cycle may indicate delayed ventricular repolarization and has been 
associated with an increased risk of arrhythmias (19).

In patients with LVH, three VCG-derived features contributed most 
to diagnostic performance: the T-wave azimuth, the T-wave magnitude, 
and azimuth variability. The T-wave azimuth quantifies the curvature of 
the repolarization vector in the horizontal plane, capturing directional 
changes in ventricular repolarization over time. Similar findings were 
reported by Bury et al., who showed that the azimuth of the spatial 
ventricular gradient significantly differed between patients with and 
without cardiac events in long QT syndrome, supporting its role as a 

Table 2 
Discriminative vectorcardiographic parameters in patients with reduced left-ventricular ejection fraction or left-ventricular hypertrophy vs. controls.

Parameters Repolarization time-difference 
ratio (1)

T-wave azimuth (2) T-wave magnitude (3) Azimuth variability 
(4)

Repolarization time-difference ratio 
(5)

Used for 
discrimination

Reduced LV-EF LVH LVH LVH Reduced LV-EF + LVH

Unit Azimuth (rad) Magnitude (mV) Azimuth (rad)
AUC 84.3% 79.0% 79.1% 73.9% 86.6%
P-value (adjusted) 5.01E-04 1.14E-04 1.08E-04 1.02E-02 2.40E-04
Patients (n) 40 208 208 208 34
Control group (n) 31 31 31 31 31
Patients mean + SD 1.14 ± 0.26 0.69 ± 0.24 0.32 ± 0.89 0.11 ± 0.17 1.12 ± 0.23
Control mean + SD 1.41 ± 0.15 0.46 ± 0.22 0.08 ± 0.03 0.19 ± 0.13 1.41 ± 0.15
Patients Skewness 0.19 − 1.17 5.27 2.52 − 0.29
Control Skewness 0.11 − 0.22 1.09 0.72 0.11
Patients Kurtosis 3.59 4.20 33.06 9.78 3.05
Control Kurtosis 2.79 1.88 5.84 3.21 2.79

Footnote: Values are presented for selected VCG parameters with the highest diagnostic performance in distinguishing patients from control subjects. Mean ± SD 
indicates the average value and its dispersion within each group. Skewness reflects the asymmetry of the data distribution (positive = right-skewed; negative = left- 
skewed). Kurtosis describes the peakedness or heaviness of the distribution tails (higher values indicate sharper peaks or more outliers). (1) and (5) Repolarization 
time-difference ratio (Rpeak–Tonset / QRSend–Tpeak). (2) T-wave azimuth: Curvature of the T-wave loop vector in the horizontal plane. (3) T-wave magnitude: 
Median electrical amplitude of the T-wave. (4) Azimuth variability: Temporal variability of the T-wave azimuth over time.
AUC = area under the curve; mV = millivolt; rad = radians; SD = standard deviation; Bonferroni adjustment for P-value.

Table 3 
Evaluation of diagnostic metrics for Vectorcardiography-based detection of 
reduced left ventricular ejection fraction and left ventricular hypertrophy.

Diagnostic 
performance metrics

Reduced LV-EF 
(group 1)

LVH 
(group 2)

Reduced LV-EF and 
LVH (group 3)

Sensitivity 80.0% 77.9% 82.4%
Specificity 83.9% 80.6% 83.9%
Positive predictive 

value (PPV)
86.5% 96.4% 84.8%

Negative predictive 
value (NPV) 76.5% 35.2% 81.3%

Accuracy 81.7% 78.2% 83.1%

Footnote: Diagnostic performance of the most discriminative vectorcardio
graphic (VCG) parameters in identifying patients with reduced left ventricular 
ejection fraction (LV-EF), left ventricular hypertrophy (LVH), or both conditions 
combined (EF & LVH), using CMR as the reference standard. Parameters used for 
discrimination: repolarization time-difference ratio (Rpeak–Tonset / 
QRSend–Tpeak) for reduced LV-EF and for the combined phenotype (reduced 
LV-EF + LVH); T-wave azimuth, T-wave magnitude, and azimuth variability 
for LVH.
EF = ejection fraction; LV = left ventricle; VCG = vectorcardiography.
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marker of repolarization heterogeneity and electrical instability (20). 
Increased curvature in azimuth may reflect non-linear, heterogeneous 
repolarization patterns commonly seen in structural remodeling.

T-wave magnitude represents the overall amplitude of ventricular 
repolarization. Its diagnostic value is supported by data from magne
tocardiographic studies, where beat-to-beat variability in T-wave 
amplitude demonstrated strong discriminatory power for detecting 
ischemic heart disease (21). Moreover, a study by Jimenez et al. showed 
that reduced T-wave vector magnitude was associated with adverse 
cardiac events in pediatric patients with hypertrophic cardiomyopathy, 
emphasizing its prognostic relevance in the context of repolarization 
abnormalities (22). These findings reinforce the inclusion of T-wave 
magnitude as a meaningful parameter for detecting structural remod
eling, such as LVH.

Azimuth variability estimates the spatial stability of the repolariza
tion vector over time. Increased variability reflects a loss of directional 
coherence in ventricular repolarization and is indicative of repolariza
tion heterogeneity. Prior studies have shown that transient increases in 
azimuth variability occur following changes in ventricular activa
tion—such as after ablation of accessory pathways—and are associated 
with cardiac memory and spatial repolarization gradients (23). In our 
study, elevated azimuth variability was associated with LVH, suggesting 
greater directional dispersion of repolarization in structurally remod
eled myocardium. This observation aligns with findings by Loring et al., 
who demonstrated that the azimuth orientation of the QRS loop shows 
considerable interindividual variability, partly influenced by anatomical 
factors such as papillary muscle positioning (24). These results highlight 
the complex interaction between structural remodeling and 

repolarization dynamics, as captured by VCG.

Comparison with existing literature

ECG remains a widely accessible and non-invasive diagnostic mo
dality. However, its traditional role in detecting structural heart disease 
is limited by modest sensitivity. Recent advancements in AI have 
enhanced ECG's diagnostic capacity, particularly for identifying reduced 
LV-EF. In a rural high-risk population, Devkota et al. successfully pre
dicted low ejection fraction using AI-based ECG, with key contributions 
from leads I, aVR, V2, and V3 (25). These findings are corroborated by a 
recent meta-analysis by Ferreira et al., which pooled results from over 
145,000 patients and showed that AI-enhanced ECGs achieve high 
diagnostic accuracy for identifying LVEF <40%—with a pooled sensi
tivity of 84%, specificity of 80%, and an AUC of 0.917 (26). These results 
underscore the evolving role of AI-enhanced ECG as a scalable, cost- 
effective screening tool for early detection of cardiac dysfunction, with 
applications extending to primary care and resource-limited settings.

In contrast to these AI-ECG approaches, our study focuses on VCG as 
a diagnostic modality. Recently, Passow and Tenderich proposed a 
closed mathematical model describing the electric potential of the 
human myocardium throughout the QT interval, providing a theoretical 
framework for next-generation AI-enabled diagnostic methods such as 
Cardisiography (27). Rather than using standard 2D ECG waveforms, 
VCG captures the heart's electrical activity in three orthogonal spatial 
planes, enabling a more nuanced analysis of spatial and temporal vector 
dynamics. While most AI-ECG studies analyze entire waveforms through 
deep learning models, often with limited interpretability, our approach 

Fig. 2. Diagnostic discrimination of structural cardiac abnormalities using vectorcardiographic features. 
Footnote: Cardiac vector loops and ROC curve analyses illustrate the ability of vectorcardiography (VCG) to discriminate between controls and individuals with 
reduced LV-EF, LV hypertrophy, or both conditions combined. 
Diagnostic performance is shown for key repolarization parameters, including repolarization time-difference ratio (Rpeak–Tonset / QRSend–Tpeak), T-wave azimuth, 
T-wave magnitude, and azimuth variability. 
AUC: area under the curve; VCG: vectorcardiography; LV-EF: left ventricular ejection fraction; LV: left ventricle.
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systematically evaluates specific, physiologically interpretable VCG 
parameters. This not only allows for robust discrimination between 
patients with and without structural dysfunction but also yields insights 
into the underlying pathophysiological changes.

Recent studies have further validated the utility of VCG-based 
techniques. In a UK-based prospective community cohort, CSG—an AI- 
assisted VCG tool—proved feasible for use in primary care and phar
macy settings, demonstrating strong diagnostic performance and high 
patient acceptability (28). Similarly, Braun et al. confirmed the diag
nostic value of CSG for detecting asymptomatic CAD, reporting diag
nostic accuracies of 90.7% for men and 82.5% for women (12). These 
findings emphasize the growing potential of VCG, especially when 
enhanced by AI, as a rapid, non-invasive, and cost-effective screening 
modality for early cardiac dysfunction.

Clinical implications

Our findings suggest that VCG, may serve as a practical, time- and 
cost-effective diagnostic tool for identifying patients with reduced left 
ventricular ejection fraction and left ventricular hypertrophy. Unlike 
traditional imaging modalities such as echocardiography or CMR, VCG 
requires minimal operator expertise, no radiation, and can be conducted 
rapidly in outpatient or primary care settings. This makes it especially 
valuable in settings where access to advanced imaging is limited by cost, 
logistics, or availability.

Limitations

Several limitations of this study should be considered. First, this was 
a single-center, non-matched case-control study with a relatively small 
sample size and an imbalanced sex distribution, with only 16.8% female 
participants. The predominance of male participants likely reflects 
referral patterns for CMR in patients with suspected structural heart 
disease. This may limit the generalizability of our findings to broader, 
more diverse populations. Future research should aim to validate these 
results in larger, multi-center cohorts that include a more balanced 
representation of sex, age, and comorbidities.

Second, although 40 patients had reduced LVEF, only 6 presented 
with isolated systolic dysfunction without concomitant LVH. The limited 
size of this subgroup restricts the robustness of conclusions regarding 
isolated reduced LVEF. Accordingly, primary analyses were conducted 
for reduced LVEF overall and for the combined phenotype (reduced 
LVEF + LVH). Subgroup-specific findings should therefore be inter
preted with caution and require validation in larger, independent 
cohorts.

Third, the study did not stratify patients according to the underlying 
etiology of reduced LV-EF or LVH. Etiological differences—such as 
ischemic versus non-ischemic cardiomyopathy—may influence VCG 
signal patterns and diagnostic performance. Future analyses should 
investigate whether specific VCG features can differentiate among 
etiologic subtypes, which could enhance the clinical utility of the 
method.

Fourth, while individuals in the control group had normal findings 
on cardiac MRI, the presence of subclinical cardiovascular dis
ease—particularly coronary artery disease not evident on stress tes
ting—cannot be fully excluded. However, this approach mirrors real- 
world clinical settings, where diagnostic uncertainty often persists 
despite advanced imaging.

In addition, although artificial intelligence was used to assist in VCG 
signal interpretation, the employed algorithm has not yet been exter
nally validated in independent populations. Thresholds for individual 
VCG parameters were derived within the study cohort and were not 
externally validated. Therefore, these cut-off values should be consid
ered exploratory and hypothesis-generating. Limitations of AI include 
risks of overfitting, dependence on high-quality input data, and 
restricted generalizability across different clinical settings. Further 

development and prospective validation of these AI models in larger, 
heterogeneous datasets are required.

Lastly, the acceptability and widespread implementation of VCG as a 
diagnostic tool will depend on considerations related to infrastructure 
requirements, and integration into existing clinical workflows. 
Addressing these factors is essential for clinical translation.

The present study focused on classification rather than continuous 
LVEF estimation. Future research should assess whether regression- 
based VCG models can accurately predict absolute LVEF values.

Conclusion

This study highlights the diagnostic potential of VCG as a non- 
invasive tool for identifying patients with reduced LV-EF and LVH. 
Importantly, our findings support the use of VCG as a scalable screening 
tool for early identification of subclinical cardiac disease. Its rapid 
acquisition, minimal operator dependency, and low cost make it 
particularly well-suited for use in community-based settings, primary 
care, and regions with limited access to advanced imaging modalities.

If validated in larger, diverse populations, VCG—combined with AI- 
based analysis—could fill an important gap in cardiovascular screening 
strategies, enabling earlier intervention, better risk stratification, and 
potentially improved long-term outcomes.
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