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Abstract
This study investigates the role of electrocardiogram (ECG) and impedance
cardiogram (ICG) features in biometric identification, emphasizing their
discriminative capacity and robustness to emotional variability. A total of 29 features
spanning four domains (temporal, amplitude, slope, and morphological) are evaluated
using random forest (RF) models combined with multiple interpretability methods.
Feature importance shows that both ECG- and ICG-derived features are consistently
ranked among the top 10 by Gini importance, permutation importance, and SHAP
values, with ECG features, particularly QRS-centric descriptors, occupying the
highest positions. In parallel, ICG BCX features contribute complementary, however,
with lower cross-method stability. Correlation analysis reveals substantial
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multicollinearity, where the RF distributes and diminishes importance across highly
correlated pairs, confirming reduced independent contributions. Statistical analysis
identifies 14 features with significant differences between baseline and anger, without
a clear pattern by domain. Feature selection with recursive feature elimination and
genetic algorithms converges on a subset (12 features) that attains accuracy within
1% of the full set (99%), improving efficiency in storage and computation. Proposed
complementary analyses indicate that the individuality is primarily encoded in the
QRS-related ECG features across all four domains. Meanwhile, BCX-derived ICG
features contribute mainly through amplitude, providing supportive but less stable
discriminatory cues. The confirmed resilience of QRS-centric descriptors to
emotional variation, where stable inter-individual differences in the QRS complex
could be traced to variations in ventricular mass, conduction pathways, and thoracic
geometry, may indicate their central role in future models of cardiogram-based
identity.

Keywords: biometric identification, electrocardiogram, feature importance, feature

selection, impedance cardiography, random forest

1. Introduction

Biometrics leverages measurable physiological and behavioral characteristics to
establish and verify the individual’s identity [1]. While fingerprints and iris patterns
remain standard, recent advances highlight the value of biomedical signals, which are
harder to steal or forge. Among these, the electrocardiogram (ECG) has emerged as a
promising modality, due to its inherent liveliness detection capability [2—4].
Additionally, multimodal approaches, combining ECG with other biomedical signals,
have attracted increasing interest [3]. For example, the impedance cardiogram (ICG),
which captures the changes in thoracic impedance linked to the heart mechanical
activity [5,6], could provide complementary information to the ECG for identification

purposes [7,8].

Machine learning (ML) has further advanced the field of biometric identification,
consistently achieving high accuracy with cardiogram-based systems [2,3,7].

However, the limited explainability of ML models remains a challenge, as research is



not focused on identifying discriminative contribution of specific ECG and ICG
features. This gap restricts insight into the physiological mechanisms that underlie

identity-specific signatures in both healthy and patients.

Furthermore, cardiogram-based biometrics face several real-world challenges,
including inconsistency over time and susceptibility to emotional states [3]. As the
autonomic nervous system modulates cardiac function, emotional arousal alters ECG
and ICG morphology [3], with emotions, such as anger causing pronounced drops in
identification accuracy, as demonstrated in our previous work [8], whereas others,

such as anxiety or stress, exert a relatively small impact [9,10].
1.1 Research questions

Our previous studies [8,11] demonstrated that a multimodal approach utilizing
fiducial-based features extracted from both ECG and ICG signals achieved the highest
biometric identification accuracy, with statistically significant results. However, those
efforts focused mainly on predictive performance, without examining how individual

features contribute to individuality.

In this study, we therefore adopt an exploratory approach [12], with aim is to identify
which properties of ECG and ICG carry individual-specific information, including
heartbeat amplitude, waveform morphology, and slope, or the variability of heart
intervals across subjects. Accordingly, the study is guided by the following research

questions:

1. What part of the cardiogram signals contains the essential information for
biometric identification?

2. How does correlation among features influence their importance in ML
models, such as random forests (RF)?

3. Which features are the most affected by emotional state changes, and do
particular feature types (e.g., time, amplitude, slope, or morphology) exhibit

consistent sensitivity to emotional variations?



2. Materials and methods

We use a publicly available dataset of simultaneously recorded ECG and ICG signals
from 202 healthy young adults [8,13], with full details on the dataset, recording setup,
and acquisition procedures provided in the Appendix. The visual representation of the
proposed methodology is shown in Figure 1. The pipeline begins with preprocessing
to reduce noise, followed by delineation to identify fiducial points, i.e., characteristic
landmarks tied to key cardiovascular events. These two steps are adopted from our
previous work [8,11]. An RF is firstly trained and evaluated using all 29 features,
which serves as the base model and benchmark, with identification accuracy used as
the reference metric for all subsequent comparisons.

Several techniques are then applied in parallel to identify a specific subset of features
that are crucial for identification. Firstly, feature importance is estimated with three
methods (Gini importance, permutation feature importance, and shapley additive
explanations - SHAP values), from which the top 10 features are taken and intersected
to produce the first subset, providing a stable consensus ranking. Secondly, feature
selection is performed using recursive feature elimination with cross-validation
(RFECV) and a genetic algorithm (GA), each producing a data-driven subset without
manual thresholds. The intersection of these two subsets defines the second subset,
which emphasizes selection stability. Thirdly, correlation analysis is conducted using
Pearson and Spearman coefficients to identify clusters of highly correlated features,
which are then used to assess cluster-level contribution and to examine how
multicollinearity influences importance estimation. Finally, statistical testing across
emotional states identifies features that change significantly, and this inference is
complemented by training the RF on three subsets: all features, the non-significant
set, and the significant set, to compare predictive behavior. All evaluations are
conducted on independent test set, which has not participated in the training process.
The outcomes from these four paths are synthesized to localize where identity-related
information resides in ECG and ICG and to characterize how emotional variability
shapes those signals. To support clarity and ease of navigation, the detailed steps of

the proposed pipeline are provided in the Appendix.
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Figure 1: Block diagram of the proposed methodology: a) preprocessing and extraction of information
of interest, b) feature importance, c) feature selection, d) correlation and cluster-importance analysis; e)
emotions and cardiogram-based features; f) comparative analysis. electrocardiogram - ECG, impedance

cardiogram - ICG, random forest - RF, shapley additive explanations - SHAP, recursive feature

elimination with cross-validation - RFECV.

3. Results

Feature cross-correlations are visualized as heatmaps, with significant associations (p
< 0.05) marked by an asterisk. As Pearson and Spearman matrices show nearly
identical patterns, only Pearson coefficients (») are presented in Figure 2, while the
Spearman matrix (p) is provided in Figure S1 of the Supplementary Materials [14].
Highly correlated pairs (|| or |p| > 0.7) are summarized in Table 1. All reported
correlations are significant (p < 0.001) and every pair identified by Spearman is also
captured by Pearson correlation coefficient. Therefore, subsequent analysis relies on
Pearson correlations. Using a graph search over the adjacency list of these pairs, seven

clusters of highly correlated features are identified for further analysis.
31 Feature importance findings

The RF model achieves 99.17% accuracy, 99.16% F1 score, 99.33% precision, and
99.17% recall on the test set using all features from Table Al, described in the

Appendix. These results are referred to as the base model performance in subsequent



comparisons. Detailed feature importances are provided in Figures S2-S4 in the

Supplementary Materials [14].
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Figure 2: Heatmap of Pearson correlation coefficients between extracted features, with asterisks (*)

indicating statistical significance.

Using an ensemble feature-selection strategy, the intersection of the three top 10 lists
yields a consensus subset of 8 features, visualized as a Venn diagram in Figure 3,
consisting of ECGQRScrest, RS amp, RS slope, RT amp, TT2 amp, QRS int,
RQ amp, and QR _slope. Retraining the RF model with this subset results in 96.92%
accuracy, 96.91% F1 score, 96.46% precision, and 96.92% recall.



3.2 Correlation and cluster analysis outcomes

The effect of multicollinearity on feature importance is summarized in Table 2 which
reports the seven identified feature clusters and the corresponding accuracy changes,
reflecting their collective contribution to classification, visualized in Figure 4. For
each feature (Variable 1), a permutation is applied to quantify the relative change in
the importance of its correlated pair (Variable 2), while the resulting changes in

importance across all other features are summarized using descriptive statistics.

Table 1: Pairs of correlated features, denoted as Feature 1 and Feature 2, with the corresponding
Pearson and Spearman correlation coefficients; the Method column indicates whether the high
correlation (|r| or |p| > 0.7) is identified by Pearson only, Spearman only, or by both. All correlations are

statistically significant with p < 0.001.

Feature 1 Feature 2 Pearson | Spearman Method
QX _int SX_int 0.981 0.971 Both
RQ_amp RT _amp 0.958 0.949 Both
TT2_amp TT2_slope 0.954 0.964 Both
BX_int SX_int 0.953 0.954 Both
RS_amp RS_slope 0.943 0.942 Both
BX_int QX_int 0.939 0.937 Both
SX_int TX int 0.926 0.902 Both
RQ_amp QR_slope 0.922 0918 Both
QT _int ST_int 0.918 0.846 Both
QX _int TX_int 0.907 0.873 Both
TT1_amp TT2_amp 0.898 0.903 Both
RS _amp RQ_amp 0.891 0.866 Both
TT1_amp TT1_slope 0.881 0.874 Both
BX_int TX_int 0.876 0.857 Both
TT1_amp TT2_slope 0.874 0.888 Both
RT_amp QR_slope 0.871 0.858 Both
CX_amp CB_slope 0.865 0.903 Both
RS _amp RT _amp 0.857 0.833 Both
CB_amp CX_amp 0.852 0.835 Both




Feature 1 Feature 2 Pearson | Spearman Method
QB_int SB_int 0.830 0.710 Both
TT2_amp TT1_slope 0.821 0.830 Both
RS _amp QR_slope 0.816 0.793 Both
TT1_slope TT2_slope 0.792 0.799 Both
RC_int SB_int 0.770 0.271 Pearson only
RQ_amp RS_slope 0.770 0.748 Both
CB_amp CB_slope 0.764 0.817 Both
QR_slope RS_slope 0.739 0.721 Both
RT_amp RS_slope 0.735 0.714 Both
QRS _int ECGQRScrest 0.734 0.391 Pearson only
CX_amp CX_slope 0.731 0.676 Pearson only
ST_int BT _int 0.712 0.649 Pearson only
33 Feature selection performance

RFECV selected a subset of 15 features, while the GA approach selected 17 features.
Both methods achieved very high performance, with RFECV reaching 99.00%
accuracy and Fl-score, 99.18% precision, and 99.00% recall, and GA achieving
98.58% accuracy, 98.56% F1-score, 99.81% precision, and 98.58% recall. Despite
differences in the specific subsets, there was substantial overlap, with 12 features
consistently selected by both methods. The visualization of the overlapping and
unique features is shown in Figure 5. The RF model is retrained using the 12
intersected features, achieving 98.17% accuracy, 98.15% F1-score, 98.45% precision,
and 98.15% recall, which is comparable to the base model, despite reducing the

feature set by more than a half.
34 Effect of emotions on cardiogram-based features

Statistical analysis reveals that 14 features (QRS int, T int, QT int, ST int,
TT1 amp, TT1 slope, BX int, CB amp, CB slope, RC int, QX int, BT int,
ICGecrest, and RR) differ significantly between the baseline and anger segments. The
remaining 15 features, such as RS amp, RQ amp, RT amp, TT2 amp, QR slope,
RS slope, TT2 slope, ECGQRScrest, ECGTcrest, CX amp, CX slope, QB int,



SX int, SB int, and TX int, do not exhibit significant changes across emotional
states. Detailed results of statistical analysis are presented in Table S1 in the
Supplementary Materials [14]. The effect sizes are negligible for all features except
T int, which demonstrated a small effect. The highly correlated pairs, which show

opposite significance between segments, as shown in Table 3.
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Figure 3: Venn diagram showing the overlap among the top 10 features identified by Gini, permutation

importance, and SHAP methods.

The predictive evaluation of features, based on sensitivity to emotions, is summarized
in Table 4. RF models are trained using three feature subsets: all features, only
emotion-insensitive  (non-significant) features, and only emotion-sensitive
(significant) features. Utilizing all features, within-segment performance remains
high (97-99%), while cross-segment generalization declines (88—89% baseline —
anger; 91-92% anger — baseline). Using only emotion-insensitive features preserves

strong within-segment accuracy (97-98%) but does not improve generalization (86—



89%). In contrast, emotion-sensitive features alone yield substantially lower

performance (within-segment 89-90%; cross-segment 66—72%).
4. Discussion

The RF classifier achieves strong performance, with all evaluation metrics reaching
approximately 99%, surpassing the results reported in our previous studies [8,11]. As
the focus of this work is not ML optimization, but rather the analysis of feature
relationships and their contributions to classification, this improvement is likely
driven by several methodological differences. The number of samples per subject is
increased to 18 in the present study, compared with 8 or 12 in earlier work, and the
feature set is expanded from 17 to 29 features, inspired with Patro et al. (2022) [15].
In addition, only baseline and anger segments are used for feature extraction, with

neutral segments excluded.
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Figure 4: Clusters of highly correlated features and the associated drop in identification accuracy (%)
when each cluster is shuffled. Feature tiles are color-coded by signal of origin: dark blue = ECG only,
green = ICG only, yellow = ECG\ICG. The final dashed group shows the cumulative effect of the

remaining low-impact clusters.



4.1 Interpretation of correlation and clustering patterns

The correlation analyses reveal substantial interdependencies among variables.
Twenty-seven feature pairs exhibit a strong Spearman correlation coefficient,
indicating robust monotonic associations insensitive to outliers. Pearson correlations
confirm these findings with additional four pairs exceeding the 0.7 threshold in
absolute value, suggesting that linear relationships predominate, but are
complemented by monotonic non-linear patterns. Overall, these results emphasize the
redundancy inherent in ECG- and ICG-derived features, reflecting the physiological
interconnectedness of cardiac signals. Even with strong multicollinearity, RF
performance does not deteriorate, consistent with its known robustness to correlated

inputs [16].

Based on the results presented in Table 2, almost all correlated features (except for
RC int) showed an increase in their importance scores, and the rate of increase does
not align with the strength of the correlation. This pattern is consistent with the known
tendency of Gini importance to distribute importance across highly correlated
variables [17], since trees in the ensemble select among them inconsistently. Cluster-
level shuffling further indicates that QRS-related features (RQ amp, RT amp,
QR slope, RS amp, RS slope) exhibit the highest drop, as shown in Table 2 and
Figure 3, aligning with prior studies highlighting the central role of QRS complex in
decision-making [18,19], while ST int, QT int, and BT int exhibit the lowest

decrease in accuracy (only 0.17%), despite their physiological importance.
4.2 Insights from feature importance analysis

ECG-derived features, primarily those associated with the QRS complex, appear at
the top of the rankings across all importance rankings (Figures S2-S4 in the
Supplementary Materials [14]). Repolarization-related descriptors such as RT amp
and TT2 amp also appear among the top features, indicating that T-wave morphology
contributes additional individuality, though with lower stability than QRS-based
metrics. This supports evidence that ECG alone provides strong discrimination [2—
4,9,20], while the present results further indicate that the QRS complex plays a central

role in the decision-making process. ICG-derived descriptors, particularly CX amp
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and CB_slope, also recur across methods, indicating that the BCX complex of the
ICG provides meaningful but less stable information compared with ECG features,
supporting prior findings on its biometric potential [7,8,11]. This lower stability
requires further investigation, as it may be influenced by highly correlated ICG
features that exhibit opposite sensitivity to emotional variation, as shown in Table 3.
Retraining the RF model using common subset yields performance only ~2% lower
than the full model with ~72% reduction in feature space, raising a practical question
of balancing feature set reduction with the potential gains in storage efficiency and

computational cost.
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Figure 5: Venn diagram illustrating the overlap of features selected by recursive feature elimination with

cross-validation (RFECV) and genetic algorithm (GA).
4.3 Evaluation of feature selection strategies

Feature selection using RFECV results in a reduced subset of 15 features while
maintaining the evaluation metrics (~99%) compared to the base model. On the other
hand, the GA approach selects 17 features and achieves similar performance. Two
methods converge on 12 common features, shown in Figure 5, and this intersection

fully overlaps with the 8 features consistently identified across all importance metrics.
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This further reinforces the central role of QRS-derived features in driving
identification performance, as well as complementary information within T wave. At
the same time, the retention of CX amp and CB_slope among the 12 shared features
indicates that BCX features also contribute complementary information, although
their absence from the SHAP-derived subset suggests that their discriminative value
is less consistent across methods. These 12 common features constitute only 42% of
the original feature set yet achieve performance within ~1% of the base model,
underscoring that dimensionality reduction can retain nearly all discriminative power

while substantially lowering computational, storage, and energy costs.

Table 2: Impact of multicollinearity on feature importance and identification accuracy.

Relative change in importance score of Decrease
. . Correlation Relative remaining variables (%) in
Variable 1 Variable 2 .
coefficient change (%) accuracy
min 25% median | 75% max

(%)
RT_amp 0.96 16.71
QR_slope 0.92 11.98

RQ_amp -5.81 2.46 5.66 7.04  16.62 64.39
RS_amp 0.89 10.92
RS_slope 0.77 5.53
SX_int 0.98 13.47

QX_int BX_int 0.94 7.12 -4.32 -0.89 1.18 4.34 9.35 0.59
TX_int 0.91 5.76
TT2_amp 0.95 11.49

TT2_slope TT1_amp 0.87 14.26 -9.29 0.61 2.50 4.73 6.61 9.16
TT1_slope 0.79 9.83
CB_slope 0.86 18.65

CX_amp CB_amp 0.85 17.68 -2.29 0.32 2.82 5.60  13.64 9.83
CX_slope 0.73 20.41
QT_int 0.92 3.67

ST_int -3.79 0.09 1.79 3.30 5.46 0.17
BT _int 0.71 2.59
QB_int 0.83 7.36

SB_int -6.28 -0.90 2.25 3.01 8.12 0.59
RC_int 0.77 -0.34

QRS_int ECGQRScrest 0.73 6.79 -4.47 0.35 3.62 6.99  17.00 1.85

Inter-individual variability in the selected features plausibly arises from stable
anatomical, electrophysiological, and hemodynamic differences. QRS-centric ECG
features primarily capture ventricular depolarization amplitude, synchrony, and
conduction velocity. These measures depend on myocardial mass and geometry,
Purkinje network distribution, thoracic anatomy (heart position, chest wall thickness,

lung volume), and tissue conductivity, which differ among individuals and yield

13



unique waveform morphology [21,22]. Repolarization-related measures, which
describe T-wave size and shape, reflect differences in ventricular recovery dynamics,
while RR captures intrinsic sinus rate and autonomic balance, which indirectly
influence morphology [5]. BCX descriptors index ventricular ejection [5,6,23], as
their amplitude and slopes depend on contractility, ejection velocity, aortic
compliance, valve motion, and thoracic impedance, all of which vary across
individuals. Overall, QRS-based features dominate because they arise from relatively
fixed structural and conduction properties, while BCX features provide subject-
specific hemodynamic information, and T-wave measures contribute individuality

through repolarization gradients.

Table 3: Correlation and significance of feature pairs. The table shows the correlation coefficient

between Variable 1 and Variable 2, as well as whether each variable is statistically significant.

Variable 1 Variable 2 Correlation | Variable 1 Significant | Variable 2 Significant
QX _int SX_int 0.98 True False
BX_int SX_int 0.95 True False
QX _int TX int 091 True False
TT1_amp TT2_amp 0.90 True False

BX_int TX int 0.88 True False
TT1_amp TT2_slope 0.87 True False
CX_amp CB_slope 0.87 False True
CB_amp CX_amp 0.85 True False
TT2_amp TT1_slope 0.82 False True

TT1_slope TT2_slope 0.79 True False
RC_int SB_int 0.77 True False
QRS _int ECGQRScrest 0.73 True False

4.4 Implications of emotion-sensitive cardiogram features

Our previous study [8] shows that emotional mismatch between enrollment and
evaluation can reduce identification accuracy by up to 13%. In the present analysis,
14 features appear as emotionally-sensitive, without a clear pattern regarding domain
or signal of origin. Notably, the QRS-derived features (RQ_amp, RS amp, QR _slope,

RS slope, ECGQRScrest), that are most influential for decision-making, show no

14



significant differences between emotional states, indicating that the core identity-

relevant descriptors remain stable.

Table 4:Random Forest performance across emotional segments using all features, non-significant
features, and significant features. Cross-validation (CV) refers to training and evaluation within the same

segment, while generalization (Gen) refers to training on one segment and testing on the other

All features Non-significant Significant
Training/Evaluation | Setting
Acc (%) | F1(%) | Acc (%) | F1(%) | Acc (%) | F1 (%)
Baseline — Baseline Ccv 98.62 98.53 97.74 97.60 89.99 89.12

Baseline —Anger Gen 89.44 88.16 87.73 86.31 72.11 69.43

Anger — Anger (0% 97.63 97.36 97.96 97.78 90.54 89.83

Anger — Baseline Gen 92.13 91.22 89.00 87.54 69.58 66.82

Training on only emotion-insensitive features yields a further reduction in cross-
emotion performance, indicating that removing emotion-sensitive features does not
improve robustness. In contrast, models trained exclusively on emotion-sensitive
features show larger degradation in performance, demonstrating that emotion-driven
variability provides little subject-discriminative value. This suggests that emotionally-
sensitive features carry limited information on individuality, which is expected given
that identity-specific descriptors must remain stable across varying emotional states
for a biometric system to function reliably. Although Bazett’s correction is applied,
several intervals still differ significantly, suggesting that additional normalization
strategies may be useful. Interestingly, when using all or only emotion-insensitive
features, cross-segment generalization is consistently better from anger to baseline
than other way around which is rather unexpected given that baseline is typically

considered as segment with no influence.

Beyond the stable QRS descriptors, T-wave and ICG BCX features are split between
significant and non-significant sets, as shown in Table 3, which could cause their
lower stability and smaller overall contribution to identification. Overall, the results
indicate that not all features provide equivalent identity-specific information, and
optimal feature choice depends on the intended goal: enhancing biometric

performance or mitigating emotional effects.
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4.5 Limitations of the study
Here, we recognize the limitations of the proposed study:

1.  We plan to incorporate P-wave descriptors using delineators optimized for
low-amplitude and abnormal morphologies [24], given the well-known
challenges of reliable P-wave detection.

2. The 2-minute segments are too short for valid spectral HRV estimation.
Guidelines recommend > 1-2 minutes, preferably 5 minutes, of stationary
data for LF/HF analysis [25]. Accordingly, frequency-domain HRV metrics
are not extracted.

3. The dataset shows an unbalanced sex distribution reflecting the psychology-
student population [26]. This imbalance is not corrected, as sex is not used
for stratification, and potential sex-related differences in identification
accuracy are not examined.

4. Future work explores alternative normalization strategies (e.g., Israel et al.,
2005[9]) to evaluate their effect on model performance.

5. The neutral condition is not used in the current analysis, although it may
serve future investigations on cognitive-workload effects on cardiographic

signals, as suggested by Pale et al. (2021) [27].

4.6 Contributions of the study

Taking into consideration all of the data provided in this study, we now revisit the
initial research questions and present a summary of the findings in relation to each of

them:

1. The most reliable information comes from features derived from the QRS
complex. Across three feature importance methods, QRS features
(ECGQRScrest, RQ amp, RS amp, QR slope, RS slope, QRS int) rank
consistently high. These patterns align with physiology: QRS amplitude and
slope reflect stable structural and conduction properties, whereas BCX
features capture inter-individual differences in ejection dynamics, aortic

compliance, and valve timing.
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2. The RF model inherently adjusts importance scores for correlated features,
confirming their reduced individual contributions. The study shows that
almost all highly correlated features (except RC int) experienced an increase
in importance scores upon shuffling, but the rate of increase does not always
align with their correlation coefficients.

3. QRS-based features (except QRS int) remain stable during anger, consistent
with their negligible effect sizes. Predictive analysis mirrors this: using only
emotion-insensitive features does not improve cross-emotion generalization
(accuracy drops ~11%). Using only statistically significant features further
reduces cross-emotion accuracy by up to ~23%, indicating that emotion-
driven variance does not support reliable identification. Together, these
findings show that QRS-derived features retain high identity specificity
across emotional states, whereas emotion-sensitive features degrade

generalization.

5. Conclusion

This study demonstrates that the most reliable identity signal resides in QRS-centric
ECG features across temporal, amplitude, slope, and morphology, while ICG BCX
features add complementary but less stable cues. Random forest analyses, correlation
structure, and feature selection converge on a compact, high-performing subset,
confirming that much of the discriminative content can be retained with fewer
features. Emotional variability continues to challenge cross-state generalization, and
removing emotion-sensitive variables alone does not yield systematic improvements.
Multicollinearity analyses indicate that information is distributed across correlated
groups rather than isolated in single predictors, guiding principled reduction
strategies. Physiologically, the dominance of QRS amplitude and slope is consistent
with stable inter-individual differences in ventricular mass, conduction pathways, and
thoracic geometry. Taken together, these findings clarify where identity-related
information is localized in cardiograms, centered on QRS features with supportive
BCX contributions, and they help connect observable waveforms to stable inter-

individual physiological variation.
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Appendix

To maintain readability, the full methodological description underlying the analyses,
presented in Figure 1 is provided here in expanded form. This Appendix presents each
step of the proposed pipeline in detail, including preprocessing, delineation, feature
extraction, model training, feature-importance estimation, feature-selection
procedures, correlation analysis, and statistical testing across emotional states. The
structure follows the order of the corresponding subsections referenced in the Results
and Discussion, enabling direct cross-navigation between the body of text and the
methodological elaborations provided below, which include the dataset description,
preprocessing and information extraction, decision-making using machine learning,
feature selection procedures, and the analysis of emotion-related effects on

cardiogram-based features.

Al. Dataset description

Our publicly available dataset is utilized for the study, comprising ECG and ICG
signals recorded from 202 healthy psychology students (37 males, 163 females, and
2 who preferred not to disclose their sex/gender; mean age = 20.18 £ 1.88 years, with
9 NA for age) [13]. ECG and ICG signals are acquired simultaneously at a sampling
frequency of 2000 Hz. ECG signals are recorded using Lead II electrodes placed
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according to the Einthoven’s triangle, and ICG signals are acquired with four surface

electrodes positioned on the subjects’ backs. [8,11,28]

The recording protocol consists of two distinct parts. The initial group of 59
recordings comprises two segments, each approximately two minutes in duration:
relaxation (baseline) and anger induction. The second group (143 recordings) includes
three segments: baseline, neutral, and anger. A neutral phase is incorporated to control
for confounding variables, such as mental engagement. Both neutral and anger-
inducing fantasy materials are pre-tested in a pilot study [28]. For this study, only the
baseline and anger segments are utilized. During the baseline phase, subjects were
instructed to sit calmly and relax, and to optionally closing their eyes. During the
anger-induction phase, participants listened to an audio-guided scenario designed to
evoke anger. Detailed descriptions of the recording protocols are available in our

previous publications [8,28].
A2, Preprocessing and extraction of information of interest

This segment of analysis, which includes preprocessing and delineation steps, is
adopted from our previous studies [8,11], and the scripts are available online [29].
Preprocessing and feature extraction are implemented using R programming language
v4.3.0 [30], within the R Studio integrated development environment (IDE) (Posit
Software, PBC, formerly RStudio, PBC).

A2.1  Digital filtering and delineation

ECG and ICG signals are filtered using the 4™ order Butterworth bandpass filter to
reduce both high-frequency and low-frequency noise. The frequency bandwidth is set
to 1 Hz — 40 Hz for ECG recordings and 0.5 Hz — 40 Hz for ICG recordings [31,32].
All filters are applied in a bidirectional manner to compensate for zero-phase
distortion. For R peak detection, we employ the modified Pan-Tompkins algorithm
[33]. The position of the peaks is double-checked automatically by verifying the
location as a maximum within + 30 ms of the detected peak, which roughly
corresponds to the minimum QRS duration in healthy adults [22]. The C point is

detected as the maximum value of the ICG signal occurring between two consecutive
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R peaks in the ECG [6,23]. To further reduce noise, ensemble averaging is conducted,
which involves averaging 10 consecutive ECG and ICG beats (templates) [34]. This
approach effectively minimizes noise, particularly noise with a mean value of zero
(such as white noise), although it comes at the cost of reducing variability within the
averaging cohort [5]. For this process, ECG and ICG templates are created with a
duration of 750 ms, comprising 250 ms before the R and C peaks and 500 ms
following the peaks for ECG and ICG, respectively [5,8]. A total of 9 averages is
extracted per segment (baseline and anger), resulting in 18 samples per individual.
The choice of nine averages is made heuristically, as it represents the maximum
number of non-overlapping beats (9 averages x 10 beats) that could be extracted from
each segment while ensuring equal representation across all subjects. Besides
averaging the ensemble, the RR interval and RC interval are averaged on the selected
cohort, which are used as features shown in Table Al. On averaged ECG signals, we
also detect the positions of Q and S points, along with T1, T, and T2 points, which
represent the start, peak, and the end of the T wave, respectively [9]. Additionally,
from the ICG signals, besides the C point, the B and the X points are identified,
corresponding to the opening and closing of the aortic valve [5,6]. These delineation

steps are adopted from our previous studies [8,11].

In line with previous studies [8,11], this study expands the analysis by using a larger
number of samples per class and an extended feature set. The updated set provides
broader coverage of temporal, amplitude, and morphological descriptors, with all
interval-based features (except RR) normalized using Bazett’s correction to reduce
heart-rate-related confounding, whereas in the earlier set, only selected intervals were
corrected, indicated as int2 [8]. A key enhancement is the inclusion of slope (angular)
features, such as QR slope, RS slope, TT1 slope, TT2 slope, CB slope, and
CX_slope, which capture the rate of change in waveform segments to complement
amplitudes and temporal information. The feature space is further enriched by
expanded amplitude and morphological descriptors such as RT amp and
ECGQRScrest, resulting in a more comprehensive and balanced representation of

ECG and ICG dynamics.
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A2.2  Fiducial-based feature extraction

The fiducial-based features represent relationships between two or more fiducial
points, capturing the connections between key events in the cardiovascular system.
Depending on the type of relationship, these features can be broadly categorized into
temporal, amplitude, slope, and morphological features [8,15,34]. All temporal
features, except for RR, are corrected using Bazett’s formula to compensate for
potentially high heart rate. A list of the extracted features, along with their signal of
origin, domain, description, and references, is provided in Tablel. In this work, we
extend prior feature sets by broadening temporal, amplitude, and morphological
descriptors, and by introducing a new slope, also called angular, domain that links
changes in amplitude with timing. We also develop additional temporal features that
connect ECG and ICG fiducials, denoted as ECG\ICG features. These extensions
build on and generalize ideas from Patro et al. [15] and Anti¢ et al. [11], while

maintaining compatibility with established measures in the literature.

To understand the distribution of the features listed in Table A1, we calculate the
Pearson and Spearman correlation coefficients with the appropriate p-value. From this
analysis, we identify pairs of features with high correlation, where the absolute value
of the correlation coefficient exceeds 0.7. These pairs are represented as an adjacency
list, which is then interpreted as a graph structure. In this representation, features are
nodes and significant correlations are edges. Groups of nodes, connected in the form
of islands, are treated as clusters of highly related features. These clusters represent
groups of features that share similar correlation patterns, offering a descriptive view
of the structure present in the dataset. It should be noted, however, that correlation
does not imply causation [35], and these clusters should be interpreted as descriptive

structures rather than evidence of direct underlying mechanisms.
A3. Decision-making

All ML model development, feature importance analysis, feature selection, and
statistical testing are conducted using Python 3.9 [36], employing libraries including
NumPy [37], pandas [38], matplotlib [39], pickle [36], random [36], scikit-learn [40],
SciPy [41], SHAP [42], statistics [36], math [36], statmodels [43], and deap [44]. The
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scripts used for decision-making, feature importance analysis, and feature selection
are available online [45]. In this study, we employ the RF algorithm, which
demonstrated superior performance compared to other ML models in our previous
research [8]. Additionally, RF inherently provides a ranked list of feature importance
without requiring additional processing steps [16,40,46], making it a strong candidate
for our research, as it directly supports the central aim of identifying which aspects of
the ECG and ICG signals carry individual-specific information. It is important to note
that hyperparameter tuning is intentionally omitted at all stages of the ML pipeline,
as its computational expense is deemed excessive relative to the marginal increase in
accuracy observed [8]. The focus is therefore on using ML as a benchmark to track
relative changes and improve interpretability, particularly for understanding the
contribution of each cardiogram to biometric identification, so the default values for
hyperparameters are employed [40]. However, thorough hyperparameter tuning was
performed in our previous research [8,13], in the present study, both the sample size
and the feature space are substantially increased (from 8-12 up to 18 samples per
individual and from 17 up to 29 extracted features), which does not guarantee that the
previously optimized hyperparameters would yield the best performance under these
new conditions. Moreover, prior work has shown that hyperparameter tuning in RF
can indeed improve performance, but often at the cost of significant computational

demand [47].

Table Al: Description of ECG, ICG, and combined ECG\ICG features, including their signal origin,
domain, description, and references. Feature names reflect the fiducial points used. The suffix indicates
the domain: “int” for interval (temporal), “amp” for amplitude, “slope” for slope (angular), and “crest”

without a suffix denotes morphology.

Feature Signal Domain Description Reference(s)
RR_int ECG temporal Heart rate [47,48]
Duration of depolarization of the
QRS int ECG temporal . [15]
ventricle
Duration of repolarization of the
T_int ECG temporal [9,49]

ventricle

Duration of depolarization and
QT _int ECG temporal L . [47]
repolarization of the ventricle
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Feature Signal Domain Description Reference(s)
Duration between the end of
ST_int ECG temporal depolarization and the end of [9,15]
repolarization of the ventricle
Amplitude difference between the R and
RQ_amp ECG amplitude L [15,47-49]
Q points in the QRS complex
Amplitude difference between the R and
RS_amp ECG amplitude L [15,47-49]
S points in the QRS complex
Amplitude difference between R peak
RT_amp ECG amplitude [47]
and T peak
Amplitude difference between the peak
TT1_amp ECG amplitude [34,49]
and the beginning of the T wave
Amplitude difference between the peak
TT2_amp ECG amplitude [34,49]
and the endpoint of the T wave
QR_slope ECG slope Slope of QR segment [15]
RS_slope ECG slope Slope of SR segment [15]
Slope between the beginning and the Inspired b
TT1_slope ECG slope P £ £ P Y
peak of the T wave [15]
Slope between the peak and the Inspired by
TT2_slope ECG slope .
endpoint of the T wave [15]
Inspired by
ECGQRScrest ECG morphological Crest factor of the QRS complex (1]
ECGTecrest ECG morphological Crest factor of the T wave [11]
BX_int ICG temporal Left Ventricular Ejection Time (LVET) [11,27]
Amplitude difference between the C
CB_amp ICG amplitude . [27]
peak and the B point
Amplitude difference between the C
CX_amp ICG amplitude . . [11]
point and the X point
Inspired by
CB_slope ICG slope Slope of BC segment
[15,27]
Inspired by
CX_slope ICG slope Slope of CX segment
[15,27]
ICGcrest ICG morphological Crest factor of BCX complex [11]
Duration between the peak of electrical
RC_int ECG\ICG temporal [11]

and the peak of mechanical activity
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Feature Signal Domain Description Reference(s)

Duration between the onset of
Inspired by

QX_int ECG\ICG temporal depolarization and the end of the [11.15]

mechanical activity of the ventricles

Duration between the onset of
Inspired by

QB_int ECG\ICG temporal depolarization and the beginning of [11.15]

mechanical activity of the ventricles

Duration between the end of
Inspired by

SX_int ECG\ICG temporal depolarization and the end of [11.15]

mechanical activity of the ventricles

Duration between the end of
Inspired by

SB_int ECG\ICG temporal depolarization and the beginning of the [11.15]

mechanical activity of the ventricles

Duration between the peak of
Inspired by

BT _int ECG\ICG temporal repolarization and the beginning of [11.15]

mechanical activity of the ventricles

Duration between the peak of
Inspired by

TX int ECG\ICG temporal repolarization and the end of mechanical [11.15]

activity of the ventricles

We assume a closed-world scenario, meaning individuals not registered in the
database cannot access the identification system. Consequently, the problem is
designed as a multi-class (multinomial) classification task, where each individual
represents a distinct class. The dataset is split into training and test sets using a 33%
test set ratio with stratification. This ensures that each individual’s information is
proportionally represented in both the training and test datasets. RF is evaluated solely
on the test set, which does not participate in the training process, using standard

classification metrics, including accuracy, precision, recall, and the F1 score.
A3.1 Feature importance

Feature importance in this study is evaluated using three complementary metrics: Gini
importance (i.e., reduction in impurity), permutation feature importance, and Shapley
additive explanations (SHAP) [17,42,46]. In the first method, feature importance
estimation is embedded in the training process, and the importance scores are scaled

so that their sum equals 1 [40,46]. This approach is computationally efficient and
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directly integrated into the RF training process, providing an immediate
understanding of which features influence the model. In the second approach, the
feature importance is evaluated using the permutation feature importance method with
the n_repeat parameter set to 100 on the independent test set. Permutation-based
importance is robust to features with numerous categories [50] and can be computed
on an independent test set [40], ensuring a more reliable evaluation of feature
relevance. On the other hand, this method is computationally more intensive, as it
involves shuffling feature values multiple times and re-evaluating the model to
estimate importance. As the third method, we compute SHAP values, which attribute
each prediction to individual features based on cooperative game theory [42]. In the
multinomial classification, SHAP produces a three-dimensional output where feature
contributions are calculated for each sample and for each class, reflecting how much
a given feature pushes the prediction toward or away from each possible class. To
obtain a global view, these values are first averaged across classes, then converted to
their absolute values and finally averaged across all samples, resulting in the mean

absolute importance of each feature.

Since each of these methods captures feature importance from a different perspective,
they are applied in parallel, consistent with ensemble-based strategies for feature
selection [51]. As feature importance methods do not explicitly eliminate less
important features, but rather provide a ranked list, we use thresholding to select only
the ten highest-ranked features. The intersection of the sets is then taken, keeping only
those features consistently identified among the top ten by all three methods. This
strategy improves the stability of the selected features, though it comes at the expense
of diversity, as unique features highlighted by a single method are excluded [51]. The
resulting subset is evaluated by retraining the RF model and comparing performance
against the base model that included all features. Importantly, these evaluation metrics
are used solely for benchmarking the stability and informativeness of the selected

feature set, and not as predictive validation in the sense of classification performance.

Assessing feature importance in datasets exhibiting multicollinearity is subject to
correlation bias [17]. This arises when pairs or groups of highly correlated variables

influence the importance scores assigned to individual features [17]. The analysis is
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conducted using clusters of highly correlated features. The collective influence of
each cluster on model accuracy is assessed by randomly shuffling all features within
a cluster and monitoring the resulting decrease in classification accuracy on the test
set. Moreover, we examine the relationship between the Gini importance scores of
individual features within and outside their respective clusters. From each cluster, a
representative feature (i.e., a feature that is correlated with all features in a cluster) is
selected and individually shuffled to disrupt its association with the target variable.
The RF model is retrained, and Gini importance scores are recalculated. The relative
changes in importance scores are analyzed for highly correlated feature pairs. In
contrast, the distribution of changes across all remaining features is summarized using
descriptive statistics (minimum, maximum, median, the 25" percentile, and the 75

percentile).
A4. Feature selection

In contrast to feature importance methods, which provide a ranked list of features
according to their estimated significance, feature selection methods explicitly
eliminate less informative features from the dataset. This approach removes the need
for additional thresholding strategies to determine a final subset, since the selection
process itself yields a reduced feature set along with a direct evaluation of its
performance, which we validate on an independent test set. In this study, feature
selection is conducted using two methods: recursive feature elimination with cross-

validation (RFECV) and a genetic algorithm (GA).

RFECV starts with the complete feature set and iteratively removes the least
informative features, with the number of eliminated features per step determined by a
predefined parameter (commonly one). At each iteration, model performance is
evaluated using classification accuracy under cross-validation, and the process
continues until the subset that yields the highest predictive performance is identified
[40,46]. The minimum number of features is fixed at a predefined parameter of one,
and the procedure continues by iteratively discarding the least informative feature

until the optimal subset is determined [40,46].
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In contrast, the GA follows a stochastic search strategy inspired by natural selection,
where candidate feature subsets evolve toward optimal solutions through iterative
refinement. The algorithm begins with an initial population of randomly generated
subsets, and over multiple generations, applies crossover to exchange features
between subsets and mutation to introduce random variations, thereby preserving
diversity and reducing the risk of premature convergence. The fitness of each subset
is assessed according to model performance, and the best-performing candidates are
retained for subsequent iterations. In this study, the GA is implemented with a
population size of 50 and evolved for 50 generations to balance exploration of the
feature space with computational cost, while the crossover and mutation probabilities
are set to 0.5 and 0.1, respectively, to compromise between preserving existing
solutions and introducing sufficient variability to avoid premature convergence [52].
The parameters are chosen heuristically, as they are often tuned empirically based on

the feature set and dataset properties.

As in the case of feature importance, the final set is produced by intersecting the
features selected by both methods. The resulting consensus subset is then used to
retrain the RF model, and its performance is compared with the results of the base
model. Finally, the consensus feature set obtained through feature selection is
compared with the stable subset derived from feature importance methods, allowing

us to identify the most consistent discriminators across complementary approaches.
AS. Emotions and cardiogram-based features

Our previous findings indicate that variability in emotional states challenges the
model to generalize effectively [8]. In this context, generalization refers to the model
ability to apply patterns learned under one emotional state to another, an ability that
tends to deteriorate when affective conditions differ, thereby reducing identification

performance.

To examine this effect, we conducted statistical analyses comparing features extracted
from baseline and anger segments to identify those significantly affected by emotional
changes. Firstly, the Shapiro-Wilk test was applied to each feature within the baseline

and anger groups to assess for normal distribution. Depending on the outcome, either
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a parametric test (independent t-test) or a non-parametric test (Mann-Whitney U test)
was employed to evaluate group differences. To control for multiple comparisons, p-
values were adjusted using the Bonferroni correction. Effect sizes were calculated in
parallel: Cohen’s d for the independent t-test, and Cliff’s § for the Mann-Whitney U
test, providing an estimate of practical relevance alongside statistical significance.
Cliff’s 6 was calculated using the Python implementation available in the cliffsDelta
repository on GitHub [53]. Features with adjusted p-values below the significance

threshold (p < 0.05) were considered significantly influenced by emotional changes.

Due to multicollinearity, we also examine whether highly correlated pairs of features
can yield opposite statistical outcomes, for example, one feature showing a significant
baseline—anger difference while its counterpart did not. Identifying such pairs helps
pinpoint potential pitfalls because it may reveal a big issue in the development of

emotion-agnostic biometric systems.

To further investigate the predictive implications of these findings, we evaluated how
emotional variability impacts model performance, specifically identification
accuracy. Given that the dataset includes two segments corresponding to different
emotional states, the RF model was first trained on one segment using all available
features and validated through stratified 3-fold cross-validation. Generalization was
then assessed by evaluating on samples from the other (unseen) segment. The results,
reported in terms of accuracy and F1 score, served as benchmark values. The model
was subsequently retrained using two additional feature sets: (i) features that did not
differ significantly across emotional states, and (ii) features that did show significant
emotion-related variation. Both subsets underwent the same cross-validation and
generalization procedures. These complementary analyses allowed us to determine
whether excluding emotion-sensitive features yields more stable identification

performance, in comparison to the emotion-sensitive subset.
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