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Background: Diabetes is associated with alterations in cardiac electrophysiology, yet the extent to which metabolic dysfunction 
influences spatial ventricular repolarization geometry remains unclear. Vectorcardiographic (VCG) analysis provides a spatial repre
sentation of cardiac electrical activity and may reveal subtle electrophysiological changes associated with metabolic disease.
Methods: This study analyzed VCG features in 200 adults to characterize the relationship between diabetes and depolarization– 
repolarization dynamics. Spatial parameters including QRS–T angle, T-wave and QRS magnitudes, loop morphology indices, and 
interval-based features were extracted from reconstructed orthogonal leads derived from standard electrocardiograms. Associations 
between clinical variables and VCG parameters were evaluated using Pearson correlation analysis and principal component analysis. 
A Random Forest classifier was used to assess whether VCG features capture metabolic influences, with model performance evaluated 
on a holdout dataset. Permutation testing assessed statistical significance, and SHAP (Shapley Additive Explanations) analysis was 
used to quantify feature contributions to model predictions.
Results: The Random Forest classifier demonstrated moderate discrimination between participants with and without diabetes (ROC 
AUC = 0.878; PR AUC = 0.631) with acceptable calibration (Brier score = 0.127), and statistical significance confirmed by 
permutation testing (p = 0.010). SHAP analysis identified spatial QRS–T angle as the most influential predictor, followed by 
T-wave magnitude, systolic blood pressure, T-loop area, and body mass index. Repolarization-related VCG features consistently 
contributed the greatest influence on model predictions.
Conclusion: Diabetes is associated with measurable alterations in ventricular repolarization geometry, with spatial QRS–T angle and 
related VCG parameters emerging as key electrophysiological signatures. These findings suggest that metabolic dysregulation 
contributes to early electrical remodeling and highlight vectorcardiographic phenotyping as a potential noninvasive approach for 
investigating cardiometabolic influences on myocardial electrical function.
Keywords: vectorcardiography, QRS–T angle, diabetes, machine learning, SHAP, depolarization–repolarization coupling

Introduction
Electrocardiography (ECG) is the standard noninvasive tool for assessing cardiac electrical activity and provides 
essential information on myocardial depolarization and repolarization.1,2 Traditional ECG measurements such as QRS 
duration, QT interval, and segment amplitudes are widely used in clinical practice, yet they capture only a portion of the 
heart’s electrical behavior.3,4 Vectorcardiography (VCG) extends ECG analysis by reconstructing the three-dimensional 
orientation and magnitude of cardiac electrical forces, offering a more physiologically intuitive representation of 
ventricular activation and recovery.5,6 Through quantification of loop morphology and spatial electrical axes, VCG 
provides additional geometric information that is not readily visible in scalar ECG leads.7 Because VCG captures the 
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spatial geometry of ventricular depolarization and repolarization, it offers the potential to detect subtle electrophysiolo
gical remodeling that may not be apparent on conventional ECG measurements.8 This capability may be particularly 
relevant in cardiometabolic disorders, where diffuse structural and autonomic changes alter ventricular recovery patterns 
before overt electrical abnormalities become clinically evident.9

Among VCG-derived parameters, the spatial QRS-T angle is one of the most robust markers of electrical hetero
geneity and has been associated with arrhythmic events, cardiovascular mortality, and sudden cardiac death.10–12 A wider 
QRS-T angle reflects greater discordance between depolarization and repolarization pathways and is linked to structural 
remodeling, ischemia, inflammation, and metabolic stress.13–15 VCG parameters reflecting repolarization geometry 
including spatial QRS–T angle, T-vector magnitude, and T-loop morphology have been proposed as sensitive indicators 
of electrophysiological heterogeneity and ventricular recovery dynamics.8,16 Previous studies have also reported that sex, 
age, and cardiovascular risk factors influence VCG measurements, although the magnitude and physiological meaning of 
these associations remain incompletely understood.17–20 Age-related myocardial structural changes, sex-related differ
ences in cardiac size and hormonal influences, and variations in autonomic regulation are known to modify ventricular 
conduction and repolarization patterns, potentially influencing vectorcardiographic geometry.21–24 Metabolic disorders, 
particularly diabetes mellitus, exert significant effects on cardiac electrophysiology. Diabetes is associated with auto
nomic imbalance, myocardial fibrosis, and repolarization abnormalities, all of which may contribute to widening of the 
QRS-T angle and alterations in T-wave morphology.25–27 These mechanisms may influence vectorcardiographic features 
by altering the spatial alignment between depolarization and repolarization vectors, leading to widening of the QRS–T 
angle, changes in T-vector magnitude, and modifications in loop morphology.16,28 However, the combined influence of 
metabolic dysfunction and demographic characteristics on the spatial geometry of ventricular electrical activity remains 
poorly characterized. Despite these observations, the broader pattern of VCG changes associated with diabetes in relation 
to demographic factors such as age and sex has not been systematically assessed. In particular, it is unclear which VCG 
features best capture metabolic alterations in repolarization geometry and how these features relate to clinical variables 
such as blood pressure and body mass index.29–31

The present study aimed to characterize how demographic factors (age and sex) and metabolic status (diabetes) relate 
to detailed vectorcardiographic geometry in adults. Using principal component analysis, correlation structure mapping, 
and an interpretable machine learning model, we evaluated the contribution of individual VCG features and clinical 
variables to repolarization and depolarization patterns. A secondary aim was to identify the VCG features that most 
strongly differentiate individuals with diabetes, providing physiologic insight into the electrical phenotype associated 
with metabolic dysfunction. This integrated analytical approach seeks to clarify how metabolic health shapes cardiac 
vector geometry and to support the development of physiologically informed, vector-based biomarkers for clinical 
research.

Methods
Study Design and Population
This cross-sectional study analyzed vectorcardiographic (VCG) features derived from standard 12-lead ECG 
recordings in 200 adult participants (111 males and 89 females; 52 with diabetes and 148 without diabetes). 
Comorbidities, including diabetes and hypertension, were confirmed using contemporaneous clinical records and 
medication history. Participants with prior myocardial infarction, bundle branch block, pacemaker rhythm, or 
documented severe arrhythmias were excluded. Lipid profiles and medication data were variably available and 
were therefore not included in the analysis. All participants were required to have high-quality digital ECGs and 
complete demographic information.

ECG Acquisition and Vectorcardiographic Reconstruction
Standard 12-lead ECGs were obtained using the Mindray BeneHeart R12 digital system at a sampling rate of 500 Hz 
over 10-second recordings. ECG data were exported in XML format and processed in Python for signal transformation 
and feature extraction. VCG signals were reconstructed using the inverse Dower transformation to generate orthogonal 
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X, Y, and Z leads. Prior to transformation, signals were band-pass filtered (0.5–150 Hz) to preserve orthogonality; 
repeating the filter after transformation resulted in <1.5° deviation in spatial QRS-T angle, indicating negligible impact. 
From the orthogonal leads, the following VCG variables were computed: i) QRS-vector magnitude: peak three- 
dimensional Euclidean norm during depolarization, ii) T-vector magnitude: peak Euclidean norm during repolarization, 
iii) Spatial QRS-T angle: three-dimensional angle between mean QRS and T vectors, calculated using the peak-vector 
method, iv) QRS-loop and T-loop areas: spatial loop areas representing geometric dispersion of depolarization and 
repolarization and, v) Loop morphology: categorized as compact/symmetric or distorted based on smoothness, lobe 
count, and rotational continuity. Loop morphology (compact vs distorted) was assessed descriptively but was not 
incorporated into statistical or machine learning models and is presented only for qualitative context. VCG-based normal 
or abnormal patterns were determined from loop morphology and spatial QRS-T angle (<75° vs ≥75°). Two independent 
observers reviewed all VCGs with consensus adjudication (κ = 0.92). Continuous QRS-T angle values were used for 
physiologic analysis but not as predictors in machine learning models. All extracted scalar features were standardized 
using z-score transformation.

Clinical Variables
Demographic and clinical variables included age, sex, diabetes status, heart rate (HR), systolic blood pressure (SBP), and 
diastolic blood pressure (DBP). Diabetes was defined by fasting glucose ≥126 mg/dL or use of antidiabetic medication. 
Heart rate and blood pressure values corresponded to measurements acquired during the same clinical encounter as the 
ECG. Categorical variables were encoded as binary indicators.

Data Preprocessing
Data completeness exceeded 98%, and missing values were imputed using feature-specific means. Outliers were 
winsorized at the 1st and 99th percentiles to reduce disproportionate influence on multivariate analyses. Continuous 
variables were standardized prior to PCA, correlation analysis, and machine learning. The final cleaned dataset contained 
200 participants with complete VCG and clinical data.

Statistical and Multivariate Analysis
All analyses were performed using Python 3.12.12 with NumPy 2.0.2, Pandas 2.2.2, SciPy 1.16.3, Statsmodels 0.14.5, 
Scikit-learn 1.6.1, Matplotlib 3.10.0, Seaborn 0.13.2 and SHAP 0.50.0. QT intervals were corrected for heart rate using 
Fridericia’s formula (QTc = QT/RR1ᐟ3) to minimize rate-related bias in repolarization assessment and ensure consistency 
across participants. A fixed random seed (np.random.seed(42)) was used for reproducibility. Continuous variables were 
expressed as mean ± standard deviation (SD), and categorical variables as frequencies (%). Group comparisons were 
performed using independent-sample t-tests for continuous variables and χ2-tests for categorical variables. Correlations 
between VCG and clinical parameters were calculated using Pearson’s r.

Principal Component and Correlation Structure
Principal component analysis (PCA) was performed on standardized VCG features to identify major axes of electro
physiological variability. The first five principal components were used to characterize variance structure, and the first 
two components were visualized to illustrate participant distribution in reduced-dimensional space. Pearson correlation 
coefficients were computed to examine associations between VCG variables and clinical measures, and results were 
rendered as a clustered heatmap to highlight physiologically coherent variable groupings.

Machine Learning Classification and Validation
A Random Forest classifier was trained to identify diabetes status using VCG features and clinical variables (age, sex, 
BMI, HR, SBP, DBP, QRS loop area, T loop area, QRS magnitude, T magnitude, QRS interval, QT interval, and PR 
interval). The dataset was partitioned using five-fold cross-validation. Class weights were balanced within each fold. 
Model performance was quantified using the area under the receiver operating characteristic curve (ROC-AUC) and area 
under the precision-recall curve (PR-AUC).
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Model calibration was assessed using reliability curves and the Brier score. A permutation test with 100 label 
permutations was used to evaluate whether classifier performance exceeded that expected by chance. Feature contribu
tions were quantified using SHAP (Shapley Additive Explanations) values, which provided global and local interpret
ability of model predictions.

Visualization
All figures were generated using Python libraries. Figure 1 illustrates demographic and clinical distributions. Figures 2 and 3 
presents PCA results, including the scree plot and participant scores. Figures 4 and 5 shows ROC and PR curves. Figure 6 
displays the clustered correlation heatmap while Figure 7 shows SHAP explainability plot. Supplementary Figures 1–4 
contain calibration curves, permutation testing results and SHAP interaction values.

Results
Demographic and Clinical Characteristics
The study included 200 adults, of whom 52 had diabetes. Figure 1 presents the distributions of age, body mass index 
(BMI), systolic and diastolic blood pressure (SBP, DBP), and heart rate (HR). BMI distribution is relevant because BMI 
showed modest correlations with the QRS-T angle and contributed to model performance (SHAP ranking). The cohort 
demonstrated broad variability across metabolic and hemodynamic variables, with no major skewness or clustering 
patterns. Diabetes prevalence was approximately 26% of the study population. Age and sex distributions were similar 
across the dataset, supporting balanced representation of demographic subgroups. Age and sex associations with VCG 

Figure 1 Distribution of demographic and clinical variables in the study cohort. Histograms with overlaid density curves illustrate the distributions of age, BMI, systolic 
blood pressure (SBP), diastolic blood pressure (DBP), and heart rate (HR) among all participants. The diabetes panel shows the proportion of individuals with and without 
diabetes. Together, these plots summarize the baseline characteristics of the study population prior to vectorcardiographic and machine-learning analyses.
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parameters were also quantified. Males exhibited larger QRS- and T-vector magnitudes (mean difference ≈ 0.13–0.18 
mV), while older participants demonstrated greater dispersion in loop orientation, reflected in higher QRS- and T-loop 
area variance. In contrast, these demographic factors showed minimal influence on spatial QRS-T angle compared with 
diabetes. The demographics data is presented in Table 1.

Principal Component Analysis of Vectorcardiographic Features
Principal component analysis (PCA) on standardized VCG features revealed that repolarization-related measurements 
accounted for a substantial portion of total variance (Figures 2 and 3). PC1 was primarily influenced by T-wave 
magnitude and T-loop area, while PC2 reflected variation in depolarization-repolarization alignment and loop dispersion. 
Participants with diabetes tended to occupy regions of the PCA space associated with altered repolarization geometry, 
although without forming discrete clusters. The scree plot (Figure 3) showed that the first two components captured the 
largest share of VCG variability. PC1 and PC2 loadings are provided in Supplementary Table 1, confirming that 
T-magnitude and T-loop area were the dominant contributors to PC1, while QRS-loop area and repolarization direction
ality contributed to PC2. Because the principal components represent weighted combinations of the original variables, 
variation along PC1 primarily reflects differences in repolarization-related VCG features, whereas PC2 captures broader 
electrophysiological variability. The PCA projection was therefore used to visualize the variance structure of the VCG 
feature space rather than to identify discrete clustering between diabetes and non-diabetes groups.

Figure 2 Principal component scatter plot of vectorcardiographic features by diabetes status. Scatter plot showing participants projected onto the first two principal 
components (PC1 and PC2), derived from 14 vectorcardiographic measurements. Each point represents one participant, colored according to diabetes status. The 
distribution illustrates overall variability in VCG feature space and shows substantial overlap between diabetes and non-diabetes groups.
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Figure 3 Scree plot showing variance explained by the first five principal components. Bar plot depicting the proportion of total variance explained by the first five principal 
components derived from the vectorcardiographic feature set. PC1 explains the largest share of variance, followed by smaller but comparable contributions from PC2 
through PC5. The pattern indicates that no single component dominates the feature structure.

Figure 4 Receiver operating characteristic (ROC) curve for the holdout dataset. ROC curve showing the classifier’s performance in the independent holdout set. The area 
under the ROC curve (AUC = 0.878) reflects strong discrimination between participants with and without diabetes. The dashed diagonal line represents the performance of 
a non-informative classifier.
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PCA was used to visualize the variance structure of the vectorcardiographic feature space rather than to demonstrate 
group separation. Examination of the component loadings indicated that repolarization-related variables contributed 
substantially to the principal components, highlighting the importance of repolarization geometry in overall VCG 
variability.

Machine Learning Model Performance
A Random Forest classifier trained to identify diabetes using clinical and VCG features showed moderate discriminative 
performance. In the independent holdout set, the model achieved a ROC AUC of 0.878 (Figure 4) and a PR AUC of 
0.631 (Figure 5). These values indicate that VCG- and clinical variable-based features provide meaningful, although not 
definitive, information for diabetes classification. Model calibration demonstrated close agreement between predicted and 
observed probabilities, with a Brier score of 0.127 (Supplementary Figure 1). Comparison of uncalibrated and Platt- 
scaled calibration curves showed minimal differences (Supplementary Figure 2). Detailed cross-validated performance 
metrics are provided in Supplementary Table 2. A 100-permutation test confirmed that classifier performance exceeded 
what would be expected by chance: the permutation distribution centered near an AUC of 0.50, while the observed AUC 
of 0.861 lay far outside the null range (p = 0.010; Supplementary Figure 3). Complete permutation statistics are 
summarized in Supplementary Table 3.

Correlation Structure of Clinical and Vectorcardiographic Variables
Pearson correlation coefficients among clinical and VCG parameters are shown in Figure 6. The numerical correlation 
matrix corresponding to Figure 6 is available in Supplementary Table 4. Several physiologically patterns of weak-to- 
moderate correlation were observed. Most correlations were small (r < 0.20), indicating subtle rather than strong linear 
relationships. Diabetes status showed modest correlations with several vectorcardiographic parameters, including 

Figure 5 Precision-Recall (PR) curve for the holdout dataset. Precision-Recall curve evaluating classifier performance on the independent holdout set. The area under the 
PR curve (PR AUC = 0.631) reflects performance under class imbalance and indicates moderate precision across varying recall thresholds. This metric complements ROC- 
based assessment by emphasizing behavior on the positive (diabetes) class.
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a positive association with spatial QRS–T angle and an inverse association with T-vector magnitude, consistent with the 
broader repolarization alterations observed in individuals with diabetes. The spatial QRS-T angle correlated positively, 
although modestly, with BMI and SBP. T-loop area and T-magnitude demonstrated inverse associations with heart rate, 
consistent with rate-dependent repolarization dynamics. QRS- and T-loop variables formed a distinct electrophysiological 
cluster, while clinical variables grouped separately, indicating complementary rather than redundant information. These 
relationships support an integrated physiological influence of metabolic and hemodynamic factors on vectorcardiographic 
geometry.

Figure 6 Clustered correlation heatmap of clinical and vectorcardiographic variables. Hierarchically clustered correlation matrix showing relationships among clinical 
variables (age, sex, BMI, blood pressure, heart rate) and vectorcardiographic (VCG) features, including QRS-T angle, loop morphology, and vector magnitudes. Positive 
correlations are shown in red and negative correlations in blue, with clustering dendrograms highlighting groups of variables with similar correlation patterns. The heatmap 
summarizes the interdependence of VCG and clinical measures within the study cohort.
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Model Explainability Using SHAP Values
SHAP analysis identified repolarization-related VCG markers as the strongest contributors to the diabetes classification 
model. The spatial QRS–T angle showed the highest mean absolute SHAP value, followed by T-wave magnitude, 
systolic blood pressure (SBP), and T-loop area, with additional contributions from QRS magnitude, BMI, and interval- 
based ECG metrics (Figure 7). SHAP interaction values (Supplementary Figure 4) demonstrated minimal interaction 
between age and sex, supporting their largely independent contributions. Overall, SHAP results indicate that altered 
repolarization geometry forms the primary VCG signature associated with diabetes in this cohort. The full permutation 
importance rankings and top 20 subset are presented in Supplementary Tables 5 and 6. Also mean absolute SHAP values 
are presented in Supplementary Table 7. These findings are consistent with the PCA and correlation analyses, which also 
highlighted repolarization-related features.

Figure 7 SHAP feature importance for the diabetes classification model. Bar plot showing the ten most influential predictors contributing to the Random Forest model, 
ranked by mean absolute SHAP values. The spatial QRS–T angle was the strongest contributor to model predictions, followed by T-wave magnitude and systolic blood 
pressure (SBP). Additional vectorcardiographic features including T-loop area, QRS magnitude, QT interval, PR interval, QRS-loop area, and QRS duration also contributed 
to classification performance, alongside BMI. Higher mean absolute SHAP values indicate greater influence on the model’s predicted probability of diabetes.

Table 1 Demographics by Diabetes Status

Variable Diabetes Status Mean Standard Deviation Count

Age (years) No Diabetes (0) 54.33 9.68 148
Diabetes (1) 55.48 8.3 52

BMI (kg/m) No Diabetes (0) 26.28 3.81 148

Diabetes (1) 25.74 3.84 52
SBP (mmHg) No Diabetes (0) 126.73 13.77 148

Diabetes (1) 124.35 15.87 52

DBP (mmHg) No Diabetes (0) 81.36 9.66 148
Diabetes (1) 80.85 9.64 52

HR (bpm) No Diabetes (0) 74.28 10.27 148

Diabetes (1) 75.04 10.05 52

Abbreviations: SBP, Systolic Blood Pressure; DBP, Diastolic Blood Pressure; HR, Heart Rate; 
BMI, Body Mass Index.

Diabetes, Metabolic Syndrome and Obesity 2026:19                                                                          https://doi.org/10.2147/DMSO.S586572                                                                                                                                                                                                                                                                                                                                                                                                       9

Lv and Zhao

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)

https://www.dovepress.com/article/supplementary_file/586572/586572%20Revised%20Supplementary%20Materials.zip
https://www.dovepress.com/article/supplementary_file/586572/586572%20Revised%20Supplementary%20Materials.zip
https://www.dovepress.com/article/supplementary_file/586572/586572%20Revised%20Supplementary%20Materials.zip
https://www.dovepress.com/article/supplementary_file/586572/586572%20Revised%20Supplementary%20Materials.zip


Summary of Physiological Findings
Across PCA, correlation mapping, and explainability analyses, diabetes was consistently associated with VCG markers 
indicative of repolarization alteration. Participants with diabetes demonstrated larger spatial QRS-T angles and greater 
dispersion of repolarization vectors, while age showed a more modest association with loop rotational variability. Sex 
differences were primarily amplitude-related, with males exhibiting larger QRS and T magnitudes. These findings 
demonstrate that metabolic status, especially diabetes, is an important modulator of cardiac vectorcardiographic geo
metry. Repolarization abnormalities emerged as the dominant electrophysiological feature associated with metabolic 
dysfunction, whereas demographic factors exerted subtler influences. The loading coefficients for PC1-PC5 are provided 
in Supplementary Table 1. The cleaned dataset used for all analyses is also provided as Supplementary Table 8.

Discussion
This study examined how demographic and metabolic factors relate to vectorcardiographic geometry using an integrated 
approach combining descriptive statistics, principal component analysis, correlation mapping, and an interpretable 
machine learning model. Across these methods, repolarization-related vectorcardiographic features emerged as the 
strongest indicators of metabolic status, particularly diabetes. These findings demonstrate that subtle modulation of 
cardiac electrical geometry is detectable using conventional 12-lead ECG derived VCG and that metabolic influences are 
primarily reflected in repolarization rather than depolarization measurements. These observations directly address the 
study objective of characterizing how demographic and metabolic factors shape vectorcardiographic geometry and 
demonstrate that repolarization-related VCG features capture physiologically meaningful aspects of metabolic status.

Diabetes showed the most consistent association with altered VCG morphology. Repolarization-related variables such 
as T-wave magnitude, T-loop area, and spatial QRS-T angle contributed strongly to the principal components, suggesting 
that variation in repolarization geometry is an important contributor to overall VCG variability. Importantly, the machine 
learning and SHAP analyses provided stronger quantitative evidence linking diabetes to repolarization-related VCG 
features. In particular, features reflecting repolarization geometry such as T-wave magnitude, T-loop area, and spatial 
QRS-T angle emerged consistently across multiple analytical approaches, suggesting that these parameters provide 
sensitive indicators of metabolic influences on ventricular electrical recovery. These observations align with prior reports 
that diabetes is associated with prolongation and increased dispersion of repolarization32 and that widened QRS-T angles 
correlate with metabolic stress, impaired autonomic regulation, and higher cardiac risk.15,33 Although our analysis is 
observational, these repolarization abnormalities are consistent with known mechanisms including reduced repolarizing 
potassium currents, impaired calcium cycling, and diffuse myocardial fibrosis in diabetes.34,35

The correlation matrix supported a physiologically coherent structure. Repolarization features such as T-loop area and 
T-magnitude showed modest inverse associations with heart rate, consistent with rate-dependent modulation of action 
potential duration. Spatial QRS-T angle demonstrated small but persistent correlations with BMI and systolic blood 
pressure, suggesting a contribution from metabolic loading and low-grade hemodynamic stress. These relationships did 
not form strong univariate effects but showed coordinated patterns consistent with prior population studies linking 
metabolic health to repolarization geometry.33,36,37

Sex and age effects were present but more subtle. Males exhibited higher QRS and T-wave magnitudes, consistent 
with known differences in myocardial mass and thoracic impedance.38 Increasing age showed a tendency toward greater 
dispersion of spatial loop orientation, in line with evidence that conduction heterogeneity increases with myocardial 
aging and fibrosis.39,40 These demographic influences were smaller in magnitude than the metabolic effects but contribute 
to the variability of vectorcardiographic geometry observed in healthy and at-risk populations.

The machine learning model provided an additional perspective on the electrophysiologic signatures of diabetes. 
Using VCG and clinical features, the Random Forest classifier achieved a ROC AUC of 0.878 and a PR AUC of 0.631, 
indicating moderate discriminative capacity. The permutation testing confirmed that this performance was unlikely to 
arise from chance (p = 0.010). Calibration analysis further demonstrated close agreement between predicted and observed 
probabilities. SHAP interpretation revealed that T-wave magnitude, T-loop area, QRS magnitude, systolic blood pressure, 
and BMI were the most influential predictors, underscoring that metabolic status is reflected most strongly in 
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repolarization geometry. Although repolarization features dominated model contributions, several additional VCG and 
interval-based predictors provided physiologic value. QRS-loop area and QRS magnitude capture depolarization disper
sion and myocardial mass effects. QT and PR intervals reflect conduction timing and autonomic tone, which may vary 
across metabolic states. Although these features contributed less strongly than T-wave and loop-based measures, they 
form part of the broader electrical phenotype associated with diabetes. These findings emphasize interpretability rather 
than diagnostic application; the model is descriptive and hypothesis-generating, and its predictive performance should not 
be extrapolated to clinical decision making without prospective validation.

From a physiological standpoint, these results reinforce the relevance of repolarization geometry as a marker of 
metabolic and electrophysiological health. The spatial QRS-T angle, although not used as a predictor in the model, 
remained closely associated with the pattern of repolarization-related features captured by PCA and SHAP analyses. The 
QRS-T angle, although the strongest SHAP feature, should be interpreted physiologically and not as a diagnostic 
biomarker. This supports previous work identifying the QRS-T angle as an integrative measure of electrical heterogeneity 
and a potential marker of subclinical myocardial stress.41 For clinical research, these findings suggest that vectorcardio
graphic analysis may complement traditional ECG indices by identifying metabolic influences on repolarization that are 
not apparent in standard interval measurements.

Although diabetes emerged as the strongest metabolic contributor to repolarization geometry, age and sex also 
demonstrated physiologically meaningful associations. Sex differences in vector magnitudes likely reflect myocardial 
mass and thoracic impedance differences, while age-related increases in loop dispersion are consistent with conduction 
heterogeneity linked to myocardial aging. These effects were smaller than those of diabetes but reinforce the importance 
of demographic context in VCG interpretation.

Several limitations warrant consideration. The study was cross-sectional and cannot establish causal relationships 
between metabolic status and VCG geometry. The sample size was modest (n=200) and derived from a single center, 
limiting generalizability. Given the modest sample size and lack of external validation, the machine learning results 
should be interpreted as exploratory rather than diagnostic, and the model is not intended for clinical application. 
Participants with prior myocardial infarction were excluded, the presence of subclinical coronary artery disease could not 
be fully assessed and may contribute to electrophysiological variability. Lipid profiles, medication use, and autonomic 
indices were not available for all participants and may influence repolarization patterns. In addition, diabetes status was 
determined from contemporaneous clinical records and laboratory data; as with all retrospective chart-based definitions, 
some degree of misclassification cannot be entirely excluded, particularly given that certain antidiabetic medications may 
be prescribed for non-diabetic indications. Fasting status for glucose measurements relied on available clinical doc
umentation and could not be independently verified in all cases. Data on diabetes duration and longitudinal glycemic 
burden were not consistently available and therefore could not be assessed. Finally, although quantitative vectorcardio
graphic features were algorithmically derived, qualitative loop morphology assessment required observer interpretation; 
while interobserver agreement was high, some subjectivity is inherent to this process. External validation in larger and 
more diverse cohorts is necessary to determine the reproducibility and clinical utility of the observed associations. VCG 
reconstruction was performed using the inverse Dower transform, which is known to underestimate absolute vector 
amplitudes and differs from Frank-lead recordings in spatial fidelity.42,43 While this does not materially affect angular 
measurements or geometric orientation,43 magnitude-based features such as T-vector amplitude and loop areas may be 
influenced by transformation matrix characteristics.42 Results should therefore be interpreted within the context of 
Dower-derived VCG rather than Frank-lead gold standards. Future work integrating VCG with cardiac imaging, 
metabolic biomarkers, and computational modeling could further elucidate the mechanistic pathways linking metabolic 
health and ventricular repolarization.

This study shows that diabetes, and to a lesser extent age and sex, is associated with distinct alterations in 
vectorcardiographic repolarization geometry. Repolarization-dominant VCG features, including T-magnitude and 
T-loop area, were the most informative markers of metabolic status. These findings highlight the potential value of 
incorporating vectorcardiographic analysis into physiological and metabolic research and suggest that repolarization 
geometry may serve as a sensitive indicator of early electrophysiological remodeling in individuals with metabolic 
dysfunction.
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Conclusion
In this cross-sectional study of 200 adults, vectorcardiographic geometry showed clear associations with both demo
graphic and metabolic factors. Sex-related differences were reflected primarily in vector magnitudes, with men exhibiting 
higher QRS and T-wave amplitudes, likely related to myocardial mass and thoracic conduction properties. Age was 
associated with greater dispersion of spatial loop orientation, consistent with increasing conduction heterogeneity and 
structural remodeling during myocardial aging. Diabetes demonstrated the strongest and most consistent relationship 
with vectorcardiographic patterns, particularly through widening of the spatial QRS–T angle and increased repolarization 
dispersion. These findings indicate that metabolic dysfunction alters the spatial organization of ventricular recovery even 
in the absence of overt structural heart disease. Across principal component analysis, correlation structure mapping, and 
interpretable machine learning, repolarization-dominant VCG features including T-wave magnitude, T-loop area, and 
spatial repolarization geometry emerged as the most informative markers of metabolic status. The machine learning 
model demonstrated moderate discriminative performance and highlighted several physiologically meaningful predictors, 
including T-wave magnitude, T-loop area, QRS magnitude, systolic blood pressure, and body mass index. These results 
suggest that vectorcardiographic phenotyping provides a physiologically informative framework for understanding how 
metabolic and demographic factors shape cardiac electrical geometry. By capturing spatial features of ventricular 
repolarization that are not fully represented in conventional ECG metrics, VCG analysis may offer a valuable non
invasive tool for investigating early electrophysiological remodeling associated with cardiometabolic dysfunction. Future 
multi-center and longitudinal studies are needed to validate these associations and determine how vectorcardiographic 
phenotyping may contribute to research on cardiometabolic cardiovascular risk and electrical remodeling.
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