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Abstract

Physiological signals collected from wearable sensors are usually prone to noise due to motion artifacts, sensor
displacement, and other sources. Since this signal degradation might cause problems in signal reliability, signal
guality needs to be checked and determined. Although machine learning techniques have been successfully
applied to signal quality assessment, the dominant features and their effects on different physiological
modalities still need to be investigated. In this study, | performed an analysis on modality-specific signal
degradation mechanisms in electrocardiography, electrodermal activity, and respiration signals using
interpretable machine learning techniques including Random Forest, eXteme Gradient Boosting, and Light
Gradient Boosting Machine. The models were trained using Leave-One-Subject-Out Cross-Validation to
estimate the signal quality levels. In addition, feature importance analysis and SHapley Additive exPlanations
were employed to investigate model interpretability. The results showed high prediction performance across
all physiological modalities. EDA signals performed the highest coefficient of determination (R? = 0.996)
followed by respiration (R? = 0.954) and ECG (R? = 0.908). Feature importance and SHAP analysis also
confirmed these results, in addition they reflected the fact that the most dominant feature differs for EDA and
ECG/respiration signals. These findings demonstrated that physiological signal degradation exhibited distinct
modality-specific characteristics and interpretable machine learning techniques could provide valuable insight
into the mechanisms of signal degradation.
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1. Introduction

Physiological sensors are widely used in wearable devices, remote monitoring systems, and healthcare
applications to continuously measure vital signals such as electrocardiography (ECG), electroencephalography
(EEG), electromyography (EMG), respiration, blood oxygen level (SpO), electrodermal activity (EDA) and so
on. These signals provide valuable information regarding cardiovascular function, autonomic nervous system
activity, stress levels and overall health status. The rising trend of using wearable sensing technologies allows
continuous monitoring of these vital signals outside of the clinical environment [1], [2], [3], [4], [5].

Although wearable sensing has several advantages, these sensing technologies are frequently affected by
various sources of signal degradation including motion artifacts, sensor displacement, poor skin contact,
environmental interference and transmission errors. Low-quality signals may affect the signal processing, feature
extraction, and machine learning decisions negatively. Therefore, signal quality assessment (SQA) becomes an
important research topic in biomedical signal processing. Several studies have proposed signal quality indicators
(SQI) to quantify the reliability of physiological signals. Traditional SQI methods often rely on statistical, or
frequency-domain characteristics extracted from the signal [6], [7], [8], [9], [10], [11]. More recently, machine
learning (ML) methods have been adapted to automate SQI assessments. Recent studies suggest that the ML
models could successfully predict the low SQI; however, they lack a comprehensive understanding of the specific
feature characteristics that dominate signal degradation and how these features vary across different physiological
modalities [12], [13], [14], [15], [16].

Therefore, the objective of this study is to investigate whether signal degradation severity could be estimated
from statistical and spectral features and whether the prediction performance differs among different physiological
signals, namely ECG, EDA and respiration.

To achieve this objective, this research makes the following scientific contributions:

e A set of statistical and frequency-domain features were extracted from the degraded signals,

e Machine learning models were trained with these features,

e Model performances were compared through the coefficient of determination and model
interpretability was investigated through feature importance analysis.
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2. Dataset and Analysis

2.1. Wearable sensors dataset

This study investigated the publicly available WeSAD dataset [17]. This dataset consists of physiological and
motion data, recorded from both a wrist- (Empatica E4 [18]) and a chest-worn (RespiBAN [19]) device, of 15
subjects. The data includes blood volume pulse, electrocardiogram (ECG), electrodermal activity (EDA),
electromyogram (EMG), respiration, body temperature, and three-axis acceleration. In this study, | used ECG,
EDA and respiration signals since these physiological signals are widely used in wearable health monitoring and
represent different signal characteristics.

2.2 Analysis

2.2.1. Feature extraction

Statistical features were extracted from the degraded sensor signals using Python version 3.14 (Python
Software Foundation, Fredericksburg, VA, USA). Prior to the feature extraction, the signals were segmented into
fixed-length windows of 60 seconds and 50% overlap. Then synthetic degradation was applied to each window
by replacing missing values by signal mean and adding Gaussian noise according to signal-to-noise ratio (SNR).
The SNR in decibels was defined as in Eq. (1) where Pg;gp,q; and Py;s. denote the average powers of the original
signal and additive noise, respectively. The noise power was obtained by rearranging the Eq. (1) according to
predefined SNR values.

SNRy5 = 10logy, (2222) Q)

The degradation framework produced stable and signal-specific changes in statistical and spectral features
across ECG, EDA, and respiration signals. Five predefined Signal Quality Index (SQI) levels were determined
according to progressively increasing levels of additive noise and missing samples as summarized in Table 1.
Therefore, SQI values were treated as ordinal labels representing controlled degradation conditions rather than
values calculated from a mathematical expression.

Table 1: Signal degradation metrics

SQI | Missing ratio | SNR
1 0.00 None
0.75 0.05 25
0.5 0.10 20
0.25 0.20 15
0 0.30 10

Then, the statistical features were calculated from each degraded window. The extracted features included
mean, standard deviation, variance, minimum, maximum, range, root mean square (RMS), skewness, kurtosis,
entropy, dominant frequency, and spectral entropy. These features were stored in a .csv file and used as inputs for
subsequent machine learning analyses.

2.2.2. Regression

Random Forest (RF) [20], eXtreme Gradient Boosting (XGBoost) [21], and Light Gradient Boosting Machine
(LightGBM) [22] regression models were used to investigate whether the signal degradation could be estimated
using statistical features extracted from the raw signal. The training and testing sample size of the machine
learning model were split using Leave-One-Subject-Out Cross-Validation (LOSO-CV) [23] and models with 300
estimators were trained on the extracted features. The performance of model was compared using the coefficient
of determination (R?) score and statistical significance between them using Wilcoxon signed-rank test [24].

In addition, feature importance ranking analysis was performed to determine what physical properties of the
signal contributed mostly to the regression performance and to provide insight into the physical characteristics of
the ECG, EDA and respiration signals. SHapley Additive exPlanations (SHAP) [25] analysis was additionally
performed to investigate feature contributions.

The machine learning process was conducted using Python version 3.14 (Python Software Foundation,
Fredericksburg, VA, USA), leveraging NumPy and Pandas libraries for data handling, and scikit-learn, xgboost
and lightgbm libraries for machine learning functionalities and statistical analysis.
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3. Results and Discussion

3.1. Feature behavior under signal degradation

Signal degradation was performed successfully. Visual inspection confirmed progressive deterioration of
signal as the amount of additive noise and missing samples increased. Figure 1 depicts an ECG signal window as
a representative sample of the signal degradation.
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Figure 1: Signal degradation on an ECG signal window

The generated signal quality dataset contains 43,110 observations of features with balanced SQI levels.
Analysis of extracted features revelated clear relationships between signal quality and signal characteristics. For
ECG signals, spectral entropy increased from 6.79 at SQI = 1.00 to 8.61 at SQI = 0.00 (Figure 2), indicating that
signal degradation increased spectral complexity and reduced signal regularity.
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Figure 2: ECG Spectral Entropy vs SQI - Average spectral entropy increases as signal quality decreases.
EDA signals exhibited a different degradation pattern. The minimum signal value decreased substantially with
increasing degradation (Figure 3), suggesting that EDA quality was strongly influenced by amplitude-related

characteristics. Spectral entropy and kurtosis also changed systematically across SQI levels but to a lesser extent
than the minimum value.
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Figure 3: EDA Minimum Value vs SQI - Minimum signal value decreases as degradation increases.

Respiratory signals demonstrated progressive increases in spectral entropy from 2.72 at SQI = 1.00 to 6.58 at
SQI =0.00. Kurtosis and entropy also increased as signal quality deteriorated, indicating greater signal irregularity
and complexity.

These observations suggest that different physiological modalities exhibit distinct degradation mechanisms
and may require different signal quality indicators.

3.2. Machine learning-based signal quality estimation

EDA exhibited the strongest degradation-dependent feature changes and achieved the highest quality-
estimation performance, followed by respiration signals and ECG among all models. For ECG signals, RF
achieved the highest performance, followed by XGBoost and LightGBM. It was also seen that XGBoost achieved
the highest performance, followed by LightGBM and RF for respiration signals. Table 2 summarizes the
regression performance of the evaluated models.

Table 2: Regression performance of evaluated models

RF XGB LGBM
R?2 | MAE | RMSE | R? | MAE | RMSE | R? | MAE | RMSE
ECG | 0.908 | 0.037 | 0.062 | 0.899 | 0.048 | 0.067 | 0.877 | 0.047 | 0.069
EDA | 0.995 | 0.004 | 0.018 | 0.996 | 0.005 | 0.017 | 0.977 | 0.024 | 0.045
Resp | 0.951 | 0.041 | 0.078 | 0.954 | 0.044 | 0.076 | 0.953 | 0.042 | 0.076

Signal

Overall, the results proved that the statistical and frequency-domain features could effectively capture
information related to signal degradation.

3.3. Statistical comparison of machine learning models

For ECG signals, RF significantly outperformed XGBoost (p = 0.035, Cohen’s d = 0.51) with a moderate
effect size whereas no significant difference was observed between RF and LightGBM and XGBoost and
LightGBM (p = 0.229 and 0.804, respectively). Analysis of respiration signals revealed, both XGBoost and
LightGBM significantly outperformed RF (p = 0.001, Cohen’s d = -1.09, -1.14, respectively) with a large effect
size. It was seen that although the absolute performance difference between the models was small (AR? = 0.003),
the improvement was consistently observed across subjects and reached statistical significance. For the EDA
signals, RF and XGBoost demonstrated comparable performance, while XGBoost significantly outperformed
LightGBM (p = 0.008). However, the effect size is negligible (Cohen’s d = -0.07), indicating that the practical
performance difference between the models was minimal despite the consistency of the observed improvement
across subjects. Therefore, | conclude that the optimal machine learning model depends on the physiological
signal modality.
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3.4. Feature importance analysis

For ECG signals, spectral entropy consistently emerged as the most influential predictor across machine
learning models. SHAP analysis also confirmed that increases in spectral entropy were associated with reductions
in signal quality as shown in Figure 4.
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Figure 4: SHAP summary plot for ECG quality estimation using XGBoost. Spectral entropy exhibited the largest impact on model
predictions, with higher entropy values consistently associated with lower signal quality. Secondary contributions were observed from
amplitude-related features including maximum value, standard deviation, and signal range.

Conversely, for EDA signals, the minimum signal value was consistently identified as the most important
predictor by Random Forest, XGBoost, LightGBM, and SHAP analyses. This finding suggests that EDA
degradation is primarily reflected through changes in signal amplitude rather than spectral complexity.
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Figure 5: SHAP summary plot for EDA quality estimation using XGBoost. Minimum exhibited the largest impact on model predictions.
Secondary contributions were observed from spectral and signal complexity including spectral entropy, signal range and kurtosis.

Regarding respiratory signals, spectral entropy again emerged as the dominant feature. Additional
contributions from entropy, kurtosis, and dominant frequency were observed, particularly in the XGBoost model.
SHAP analysis confirmed that increasing spectral entropy was strongly associated with lower signal quality levels.
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Figure 6: SHAP summary plot for respiration quality estimation using XGBoost. Spectral entropy exhibited the largest impact on model
predictions. Secondary contributions were observed from entropy, kurtosis and dominant frequency.
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The consistency of these findings across RF, XGBoost, LightGBM and SHAP analyses proved that while ECG
degradation is primarily expressed through increasing spectral complexity, EDA degradation is primarily reflected
through amplitude-boundary changes and respiration degradation is primarily characterized by increasing spectral
disorder and signal complexity.

Overall, these observations highlight the importance of modality-specific signal quality assessment strategies
since different physiological modalities demonstrate distinct degradation signatures.

4. Conclusion

In this paper, the regression models, namely Random Forest, XGBoost and LightGBM, on estimating signal
degradation from wearable sensor signals were investigated. Twelve features including mean, standard deviation,
variance, minimum, maximum, range, root mean square (RMS), skewness, kurtosis, entropy, dominant frequency,
and spectral entropy were extracted from degraded ECG, EDA and respiration signals and the models were trained
with these features. Signal degradation signatures varied distinctly across physiological modalities. Across all
models, as well as SHAP analyses, spectral entropy consistently emerged as the dominant predictor of signal
quality for both ECG and respiration signals. In contrast, EDA signal degradation was primarily influenced by the
minimum signal value. The results confirmed that signal degradation severity could be estimated from statistical
and spectral features, and prediction performance differs among ECG, EDA, and respiration signals based on their
physiological modalities. Ultimately, this study offers a novel approach to evaluating wearable sensor signal
degradation to design and develop more reliable monitoring systems.

Although the promising results, the study has several limitations. The signal degradation was synthetically
generated so it may not fully represent the complexity of real-world artifacts encountered in wearable sensing
applications. Also, only ECG, EDA, and respiratory signals were included in the study. Additional physiological
modalities should be considered in future studies. Finally, only statistical and frequency-domain features were
examined. Deep learning models may be investigated in future studies.
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