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Anxiety can significantly affect mental and physical health, yet traditional detection 

methods relying on self-report questionnaires are often biased. Biosignal-based approaches 

provide a more objective way to characterize anxiety-related physiological responses. This 

study develops a multimodal physiological arousal classification framework using 

electrocardiogram (ECG), electrodermal activity (EDA), and respiration (RSP) signals. The 

signals were preprocessed, normalized, and features were extracted from time, frequency, 

and nonlinear domains. Two physiological arousal labeling schemes derived from heart rate 

(HR) and skin conductance response (SCR) were used to define low, medium, and high 

arousal levels associated with anxiety-eliciting stimuli. Five machine learning classifiers 

were evaluated: Random Forest, Support Vector Machine (SVM), K-Nearest Neighbors 

(KNN), Logistic Regression, and XGBoost. The best performance was achieved by 

XGBoost using combined ECG, EDA, and RSP features with HR-derived labels, reaching 

an accuracy of 92%. The inclusion of RSP consistently improved classification performance 

compared to ECG and EDA alone. Feature analysis indicated that HRV from ECG and SCR 

characteristics from EDA contributed strongly to physiological arousal classification. These 

results demonstrate that multimodal biosignals can effectively model anxiety-related 

autonomic activation and support the development of non-invasive wearable systems for 

monitoring physiological responses under anxiety-provoking conditions. 
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1. INTRODUCTION

Anxiety disorders are among the most prevalent mental 

health conditions and significantly affect quality of life, work 

productivity, and cognitive performance [1-4]. Global studies 

report an increasing prevalence of anxiety-related conditions, 

such as social phobia and generalized anxiety, particularly 

among university students and young adults due to academic 

stress, lifestyle changes, and social pressure [5, 6]. Anxiety 

often co-occurs with other physiological and psychological 

conditions, including gastrointestinal problems and sleep 

disorders, which complicates accurate diagnosis [7, 8]. 

Conventional diagnostic approaches, such as self-report 

questionnaires and structured clinical interviews, are 

inherently subjective and prone to recall bias, limiting their 

suitability for continuous or real-time monitoring [9, 10]. 

These limitations have motivated the development of objective 

approaches based on physiological signals that reflect 

autonomic nervous system activity associated with anxiety 

and stress responses [11-14]. 

Recent advances in wearable sensing and artificial 

intelligence (AI) have enabled the continuous monitoring of 

emotional and stress-related physiological states using 

biosignals such as electrocardiogram (ECG), electrodermal 

activity (EDA), and respiration (RSP) [6, 15-17]. These 

signals capture complementary aspects of autonomic nervous 

system activity: ECG reflects cardiovascular regulation 

through heart rate and heart rate variability (HRV), EDA 

reflects sympathetic activation through skin conductance 

response (SCR), and RSP captures breathing dynamics that are 

sensitive to emotional arousal [13, 18]. These biosignals have 

therefore been widely used to characterize anxiety-related and 

stress-related physiological responses [19-21]. 

In experimental fear-elicitation paradigms, anxiety is 

typically operationalized as physiological arousal induced by 

emotionally salient stimuli, rather than as a clinical diagnosis. 

Datasets such as the Spider ECG-EDA-RSP dataset [22, 23] 

are designed according to this paradigm, where participants 

are exposed to fear-inducing stimuli while autonomic 

responses are recorded. In this context, HRV, SCR, and 

respiratory patterns provide objective measures of anxiety-

related autonomic activation during baseline, exposure, and 

recovery phases. 

Machine learning (ML) methods, including Random Forest 

(RF), Support Vector Machine (SVM), K-Nearest Neighbors 

(KNN), Logistic Regression, and deep learning models, have 

demonstrated strong capability in modeling these 

physiological patterns [7, 20, 22]. For example, Tzevelekakis 

et al. [9] developed a lightweight convolutional neural network 

for stress classification using ECG, while Ancillon et al. [15] 

reviewed the effectiveness of biosignal-based approaches for 

anxiety and stress monitoring. Househ et al. [23] further 
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emphasized the role of multimodal biosignals and wearable AI 

for monitoring mental health related physiological responses.  

Although prior studies have demonstrated the feasibility of 

biosignal-based anxiety and fear recognition, their 

methodological scope remains limited when examined in the 

context of multimodal fear-elicitation datasets. Petrescu et al. 

[11] proposed a protocol for anxiety estimation in virtual-

reality exposure using ECG and EDA features, but the analysis

was restricted to a fixed feature set and did not evaluate

respiratory signals or the effect of alternative classifiers.

Moreover, anxiety levels were estimated through a nonlinear

physiological function rather than a systematic comparison of

machine-learning models.

Vulpe-Grigorași et al. [24] focused exclusively on ECG-

derived ultra-short HRV features and trained a one-

dimensional convolutional neural network for anxiety 

detection in arachnophobic individuals. While their results 

confirmed the relevance of HRV for anxiety-related arousal, 

the study did not incorporate EDA or respiration, which limits 

the representation of sympathetic nervous system activity and 

multimodal physiological dynamics. 

Ihmig et al. [18] employed ECG, EDA, and RSP signals in 

a randomized controlled trial with spider-fearful individuals 

and investigated both two-level and three-level anxiety 

classification. However, their final models were primarily 

based on a fixed classifier type (bagged trees), and the specific 

contribution of respiration to classification performance was 

not systematically examined. In addition, although multiple 

labeling strategies were proposed, direct comparisons between 

heart-rate-based and skin-conductance-based physiological 

arousal definitions were not the central focus of their 

evaluation. 

Consequently, despite the availability of multimodal 

biosignal datasets, it remains unclear how respiration 

contributes to anxiety-related physiological arousal modeling, 

how different machine-learning classifiers perform under the 

same conditions, and how alternative physiological arousal 

definitions influence classification outcomes. 

To address these challenges, this study proposes a 

multimodal physiological arousal classification framework 

that integrates ECG, EDA, and RSP signals with five ML 

classifiers: RF, SVM, KNN, Logistic Regression, and 

XGBoost [9, 18, 25-27]. The system includes preprocessing 

(filtering and normalization), feature extraction (time-domain, 

frequency-domain, and non-linear features), and HR- and 

SCR-derived arousal labeling to classify physiological 

responses into low, medium, and high anxiety-related arousal 

levels. The primary aim of this research is to evaluate how 

effectively multimodal biosignals capture autonomic 

activation under anxiety-eliciting stimuli and to identify the 

most suitable machine-learning model for this task. 

The contributions of this paper are summarized as follows: 

1) Development of a multimodal biosignal pipeline

(ECG, EDA, and RSP) for anxiety-related

physiological arousal classification.

2) Comprehensive feature extraction, including HRV,

SCR, and respiration-based metrics.

3) Comparative evaluation of five machine-learning

classifiers (RF, SVM, KNN, Logistic Regression,

and XGBoost).

4) Demonstration of improved performance (up to 92%)

through multimodal feature fusion and XGBoost

optimization.

The remainder of this paper is organized as follows. Section 

2 describes the dataset, preprocessing, and methodology. 

Section 3 presents the experimental results and evaluation 

metrics. Section 4 discusses our findings and their 

implications. Section 5 concludes the paper and outlines 

potential directions for future research. 

2. METHOD

The system design in this study provides a structured 

overview of the workflow used to detect anxiety levels from 

physiological signals. Figure 1 illustrates the complete process 

from acquiring secondary biosignals to conducting 

classification analysis. The dataset consists of ECG, EDA, and 

RSP signals, which are first processed through filtering and 

segmentation before feature extraction. The extracted features 

are then labelled and used as inputs to the classification model. 

Finally, the system evaluates model performance using 

standard metrics such as accuracy, precision, recall, and F1-

score. 

Figure 1. Anxiety detection flowchart 

2.1 Dataset 

This study employed the Spider ECG-EDA-RSP dataset, a 

publicly available database from PhysioNet that provides 

multimodal physiological recordings from 57 participants 

exposed to spider-related fear stimuli [18, 27, 28]. The dataset 

included three synchronized biosignals—ECG, EDA, and 

RSP, —recorded using BITalino (r)evolution wearable 

devices at a sampling frequency of 100 Hz [26, 29-31]. Each 

participant underwent a session divided into three distinct 

phases: baseline (resting state), stimulus (fear exposure), and 

recovery, which enabled the observation of autonomic 

responses linked to anxiety [18, 32, 33]. This dataset has been 

widely used in studies involving anxiety and stress detection, 

owing to its rich annotations and clear event markers [18, 27, 

34]. 
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2.2 Labelling process 

The labeling process in this study defines physiological 

arousal levels associated with anxiety-eliciting stimuli, rather 

than clinical or subjective anxiety diagnoses. Each signal 

segment is assigned to one of three arousal categories (Low, 

Medium, High), which serve as the target labels for supervised 

classification. 

Two physiological markers were used to generate these 

arousal labels: Heart Rate (HR) derived from ECG and SCR 

derived from EDA. These signals reflect complementary 

aspects of autonomic nervous system activation. ECG captures 

rapid cardiovascular responses, while EDA reflects sustained 

sympathetic activation through sweat gland activity. Using 

both allows the evaluation of anxiety-related arousal from two 

physiological perspectives. 

Accordingly, two labeling schemes were considered: HR-

derived arousal labels and SCR-derived arousal labels. In both 

schemes, segments belong to one of the experimental phases 

(Baseline, Exposure, Recovery) provided by the dataset. 

Within each phase, predefined HR or SCR thresholds were 

applied to assign Low, Medium, and High arousal levels, 

following the well-established relationship between 

autonomic activation and anxiety. 

These HR- and SCR-derived labels do not represent 

independent psychological or clinical ground truth. Instead, 

they define objective physiological arousal categories 

associated with anxiety-provoking stimuli. The HR- and SCR-

based thresholds were applied globally across subjects within 

the baseline, exposure, and recovery phases, rather than being 

individually calibrated. The classification task therefore 

evaluates how well multimodal biosignal features (ECG, 

EDA, and RSP) reproduce these physiological arousal 

definitions. These labels are generated prior to feature 

extraction and are independent of the ML input features. Both 

labeling approaches have been widely used in anxiety 

detection studies, ensuring consistency and comparability with 

previous works [11, 18, 24]. Therefore, the reported 

classification accuracy should be interpreted as the ability of 

multimodal biosignals to model physiological arousal patterns 

under anxiety-eliciting stimuli, rather than as a measure of 

diagnostic accuracy for anxiety disorders. 

2.3 Preprocessing 

Pre-processing steps were performed to ensure signal 

quality and consistency prior to analysis. The ECG signal was 

filtered using a 4th-order Butterworth bandpass filter (0.5–45 

Hz) to remove baseline drift and high-frequency noise. Z-score 

normalization was applied to standardize signal amplitudes [7, 

9, 15]. R-peaks were detected using the NeuroKit2 ECG 

processing pipeline, which applies robust QRS detection and 

signal-quality assessment. RR intervals were computed from 

successive R-peaks, and NN intervals were obtained after 

automatic detection and removal of ectopic beats and motion 

artifacts using RR-interval outlier correction and interpolation. 

HRV features were then computed from these physiologically 

valid NN intervals. 

The EDA signal was first low-pass filtered with a cutoff 

frequency of 1.5 Hz to remove high-frequency noise and to 

serve as an anti-aliasing filter prior to downsampling to 10 Hz. 

The signal was then baseline-corrected to separate slow-

varying tonic components from fast phasic SCR activity, 

following standard EDA preprocessing practice [6, 15, 17].  

The RSP signal was filtered using a bandpass filter (0.1–1 

Hz) to emphasize respiratory cycles and suppress slow drift 

and high-frequency noise. A baseline correction was applied 

to remove slow trends and inter-subject offsets in the 

respiration signal [7, 15]. All signals were segmented into 30-

second windows based on the annotated event markers 

corresponding to the baseline, stimulus, and recovery phases 

[2, 6]. Although 30-s windows provide limited frequency 

resolution for low-frequency HRV components, this window 

length is commonly used in short-term stress and anxiety 

analysis to capture relative autonomic changes under 

emotionally salient stimuli [35, 36]. 

2.4 Feature extraction 

Feature extraction focused on deriving meaningful 

descriptors from ECG, EDA, and RSP signals across the time, 

frequency, and non-linear domains. For the ECG, HRV 

metrics were computed. HRV represents the physiological 

variation in the time intervals between consecutive heartbeats 

(NN intervals), reflecting the balance between the sympathetic 

and parasympathetic branches of the autonomic nervous 

system (ANS). NN intervals refer to the time difference 

between two normal sinus beats, free from artifacts, noise, and 

arrhythmias. Although NN intervals originate from normal 

heart rhythm, they do not necessarily indicate a relaxed 

physiological state, as individuals experiencing anxiety may 

still exhibit sinus rhythm [37, 38]. The features extracted from 

the ECG signal are as follows: 

A. Mean_HR_BPM

Mean_HR_BPM represents the average HR in beats per

minute within a segment. It is computed from the average 

duration of NN intervals (MeanNN), where NN refers to the 

time difference between two consecutive normal sinus beats. 

Physiologically, an increase in BPM reflects stronger 

sympathetic activation, which commonly occurs during 

anxiety. The feature is calculated in Eq. (1), where 60,000 ms 

corresponds to one minute. 

60000
H BMean R PM

MeanNN
= (1) 

B. HRV_MeanNN

HRV_MeanNN (Eq. (2)) denotes the average interval

between two consecutive normal R-peaks. If 𝑁𝑁𝑖  represents

the i-th NN interval and 𝑁 is the total number of NN intervals, 

this value reflects the overall rhythm of the heart. Shorter 

MeanNN indicates higher HR and increased sympathetic 

activity. 

1

1 N

M i

i

HRV eanNN NN
N =

=  (2) 

C. HRV_SDNN

HRV_SDNN measures the standard deviation of all NN

intervals. Here, 𝑁𝑁𝑖 is the i-th NN interval, and MeanNN is

the mean NN interval computed previously. A lower SDNN 

reflects reduced long-term variability, commonly associated 

with anxiety. The feature is defined in Eq. (3). 

2

1

1
( )

1

N

i

i

SDNN NN MeanNN
N =

= −
−
 (3) 
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D. HRV_RMSSD

HRV_RMSSD (Eq. (4)) represents short-term variability,

computed from the differences between adjacent NN intervals. 

If 𝑁𝑁𝑖  and 𝑁𝑁𝑖+1  are two successive intervals and 𝑁  is the

total number of NN intervals, RMSSD captures vagal 

(parasympathetic) modulation. Lower values typically appear 

in individuals experiencing anxiety. 

1
2

1

1

1
( )

1

N

i i

i

RMSSD NN NN
N

−

+

=

= −
−
 (4) 

E. HRV_pNN50

HRV_pNN50 (Eq. (5)) gives the percentage of successive

NN interval pairs that differ by more than 50 ms. Here, 𝑁50 is

the number of NN pairs with a difference > 50 ms, and 𝑁 is 

the total number of NN intervals. A low pNN50 indicates 

reduced adaptability and decreased parasympathetic 

modulation. 

5050 100%
1

N
pNN

N
= 

−
(5) 

F. HRV_LF (0.04-0.15 Hz)

The LF component represents spectral power in the low-

frequency band, influenced by both sympathetic and 

parasympathetic systems. LF commonly increases during 

anxiety due to heightened sympathetic activation. 

G. HRV_HF (0.15-0.4 Hz)

The HF component reflects parasympathetic (vagal)

activity. HF tends to decrease when individuals experience 

anxiety, indicating reduced vagal tone. 

H. HRV_LFHF (LF/HF Ratio)

Ratio between LF and HF power, often used as an indicator

of ANS balance. Higher LF/HF suggests sympathetic 

dominance commonly associated with anxiety. The feature is 

defined in Eq. (6). 

/
LF

LF HF
HF

= (6) 

I. HRV_SD1

HRV_SD1 (Eq. (7)) represents short-term variability

derived from the Poincaré plot. It is calculated from RMSSD 

as: 

1

1
•

2
SDHRV RMSSD= (7) 

Lower SD1 indicates decreased parasympathetic 

modulation typical in anxious individuals. 

J. HRV_SD2

HRV_SD2 (Eq. (8)) reflects long-term variability and

global autonomic regulation. Using SDNN and RMSSD, it is 

computed as: 

𝐻𝑅𝑉𝑆𝐷2 =  √2 ∙ 𝑆𝐷𝑁𝑁2 −
1

2
∙ 𝑅𝑀𝑆𝑆𝐷2 (8) 

Decreased SD2 may signal autonomic dysregulation related 

to anxiety. 

K. HRV_HFD (Higuchi Fractal Dimention)

HRV_HFD quantifies the fractal complexity of HRV using

Higuchi’s algorithm. Higher HFD values indicate better 

physiological adaptability, whereas lower values reflect 

reduced complexity often seen in anxiety. 

For the EDA, features such as the number of SCR peaks, 

mean SCR amplitude, skin conductance level (SCL), and 

statistical measures (mean and standard deviation) were 

calculated [6, 12]. Feature extraction from EDA signal is also 

known as Galvanic Skin Response (GSR), it aims to quantify 

sympathetic nervous system activation through skin 

conductance, which is highly sensitive to emotional states such 

as anxiety and stress.  

In this study, the normalized and segmented EDA signals 

were processed to detect SCR peaks with a minimum threshold 

of 0.03 µS to avoid noise-induced detections, after which the 

derived SCR characteristics and tonic phasic conductance 

measures were computed to represent the physiological 

reactivity associated with anxiety. After detecting the SCR 

peaks, the following parameters were subsequently calculated: 

A. Mean SCL

Mean SCL represents the average tonic level of EDA within

a segment. If EDA denotes the EDA value at the i-th sample 

and 𝑁 is the total number of samples, Mean SCL is formulated 

in Eq. (9). This feature reflects the baseline conductance level 

associated with sustained arousal. 

1

1 N

i

i

Mean SCL EDA
N =

=  (9) 

B. N_SCR

N_SCR (Eq. (10)) represents the total number of SCR peaks

detected in the EDA signal. A peak is counted when the EDA 

value 𝐸𝐷𝐴𝑖 exceeds a predefined threshold.

𝑁𝑆𝐶𝑅 = 𝑐𝑜𝑢𝑛𝑡(𝐸𝐷𝐴𝑖 > 𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑) (10) 

C. SCR Amplitude

SCR amplitude represents the average amplitude of all

detected SCR peaks. If 𝐴𝑗  denotes the amplitude of the j-th

SCR peak and 𝑁𝑆𝐶𝑅 is the total number of SCRs, the feature is

calculated using Eq. (11). 

1

1 SCRN

j

jSCR

SCR Amplitude A
N =

=  (11) 

D. SCR Duration

SCR duration estimates the average temporal spacing

between consecutive SCR peaks. If 𝑡𝑗 and 𝑡𝑗+1 are the sample

indices of two successive SCR peaks, 𝑓𝑠  is the sampling

frequency (Hz), and 𝑁𝑆𝐶𝑅  is the total number of peaks, the

duration is defined in Eq. (12). 

1
1

1

1

1

SCRN
j j

jSCR s

t t
SCR Duration

N f

−
+

=

−
=

−
 (12) 

E. SCR Frequency

SCR frequency measures how often SCRs occur within the

total duration of the signal. If 𝑇  is the total duration (in 

seconds), the feature is defined in Eq. (13). 

SCRN
SCR Frequency

T
= (13) 
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F. Standard Deviation of EDA 

Standard Deviation quantifies the overall variability of the 

EDA signal within a segment. If 𝐸𝐷𝐴𝑖 is the EDA value at the 

i-th sample and Mean SCL is the average EDA value, the 

standard deviation is defined in Eq. (14). 

 

2

1

1
( )

1

N

EDA i

i

std EDA MeanSCL
N =

= −
−
  (14) 

 

For RSP, the average respiratory rate, amplitude, respiratory 

volume per time (RVT), and cycle irregularity were extracted 

[7, 9]. These features have been validated in prior studies as 

reliable markers of sympathetic nervous system activation 

associated with anxiety [1, 5, 13]. Feature extraction from the 

RSP signal was performed to capture breathing patterns during 

exposure to emotional stimuli, as psychological states such as 

stress and anxiety often alter both the frequency and depth of 

RSP. The RSP signal used in this study was recorded using a 

piezoelectric sensor that measures thoracic expansion and was 

preprocessed through filtering, normalization, and 

segmentation. The primary features derived from the RSP 

signal include: Respiratory peaks and troughs were detected 

from the filtered RSP signal after smoothing using a moving-

average filter. A minimum peak-to-peak distance constraint 

was applied to avoid false detections caused by noise. 

Breathing rate was computed from successive respiratory 

cycles identified from these peaks. 

A. Breathing Rate (Breaths per Minute) 

Breathing Rate represents the number of respiratory cycles 

occurring within one minute. If 𝑁peaks denotes the number of 

detected RSP peaks and 𝑇  is the total signal duration in 

seconds, the breathing rate is computed by using Eq. (15). 

 

60
peaksN

Breathing Rate
T

=   (15) 

 

B. RSP Amplitude 

RSP Amplitude measures the average amplitude of each 

respiratory cycle. For each cycle, 𝑃𝑖  is the inhalation peak 

value and 𝑉𝑖 is the exhalation trough value, while 𝑁represents 

the total number of cycles in the segment. The amplitude is 

defined in Eq. (16). 

 

1

1
( )

N

i i

i

RSP Amplitude P V
N =

= −  (16) 

 

C. Respiratory Volume per Time 

RVT quantifies the combined effect of breathing amplitude 

and frequency. If (𝑃𝑖 − 𝑉𝑖) is the amplitude of the i-th breath 

and (𝑡𝑖+1 − 𝑡𝑖)  is the duration between successive breaths, 

then with 𝑁 respiratory cycles, RVT is defined in Eq. (17), 

where 𝑡𝑖  denotes the time interval between two successive 

respiratory peaks (peak-to-peak). 

 

1 1

1 N
i i

i i i

P V
RVT

N t t= +

−
=

−
  (17) 

 

D. Cycle Symmetry 

Cycle Symmetry measures the ratio between the inhalation 

duration and exhalation duration within one respiratory cycle. 

If 𝐷inh  is the inhalation duration and 𝐷exh  is the exhalation 

duration, the feature is expressed in Eq. (18). 

inh

exh

D
Cycle Symmetry

D
=  (18) 

 

E. Standard Deviation of RSP 

std_RSP represents the overall variability of the RSP signal. 

If 𝑅𝑆𝑃𝑖 denotes the RSP value at the i-th sample and 𝑅𝑆𝑃‾  is 

the mean RSP value across the segment, the standard deviation 

is calculated using Eq. (19). 

 

2

1

1
( )

1

N

RSP i

i

std RSP RSP
N =

= −
−
  (19) 

 

2.5 Machine learning classifiers 

 

Five machine-learning classifiers were employed to 

evaluate the performance of anxiety detection: RF, SVM, 

KNN, Logistic Regression, and XGBoost [8, 15, 39]. RF was 

configured with 100 estimators, SVM with an RBF kernel and 

optimized gamma, KNN with k = 5, Euclidean distance, and 

Logistic Regression with L2 regularization. XGBoost, an 

ensemble gradient boosting model, was tuned with a learning 

rate of 0.1 and a maximum depth of 5 [16, 18] The dataset was 

split into 80% training and 20% testing subsets. Model training 

used 5-fold cross-validation, and hyperparameter tuning was 

conducted through a grid search [32, 40]. 

Hyperparameter tuning was performed using 5-fold cross-

validation within the training set only, while the held-out test 

set was used exclusively for final performance evaluation. A 

fully nested cross-validation scheme was not employed in this 

study. This choice may introduce optimistic bias; however, all 

classifiers were evaluated under the same protocol to ensure 

fair comparative analysis. 

 

2.6 Evaluation metrics 

 

The classification performance in this study was evaluated 

using overall classification accuracy. Accuracy was selected 

as the primary evaluation metric to enable direct comparison 

with previous anxiety and fear detection studies, which 

predominantly report accuracy as the main performance 

indicator. Using a consistent metric allows a fair and 

interpretable comparison of different classifiers and signal 

configurations under similar experimental conditions. 

Accuracy is defined as the proportion of correct predictions to 

the total number of predictions, as expressed in Eq. (20): 

 

TP TN
Accuracy

TP TN FP FN

+
=

+ + +
 (20) 

 

where True Positive (TP) refers to samples correctly classified 

into a given class, False Positive (FP) refers to samples 

incorrectly assigned to a class, False Negative (FN) represents 

samples belonging to a class that were misclassified, and True 

Negative (TN) represents samples correctly classified as not 

belonging to that class. This evaluation strategy provides a 

concise and consistent assessment of model performance 

across all experiments conducted in this study. 

 

2.7 Experimental protocol and validation strategy 

 

The dataset was divided into training and testing sets using 

a record-wise splitting strategy, in which individual signal 

segments were randomly assigned to each subset. As a result, 
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segments from the same subject may appear in both the 

training and testing sets. Therefore, the reported performance 

reflects within-subject physiological arousal classification, 

rather than subject-independent generalization across unseen 

individuals. The distributions of the three arousal classes 

(Low, Medium, High) were approximately balanced, and 

macro-averaged precision, recall, and F1-score were used to 

avoid bias toward any dominant class. 

Hyperparameter optimization was performed using 5-fold 

cross-validation within the training set. A fully nested cross-

validation scheme was not employed; therefore, the reported 

performance values may be slightly optimistic. However, all 

classifiers were evaluated using the same training–testing 

protocol, ensuring fair and consistent comparison across 

models.  

3. RESULT

This study evaluated the performance of a biosignal-based 

anxiety detection system using four datasets: HR BPM 

(ECG+EDA), HR BPM (ECG+EDA+RSP), SCR Peaks 

(ECG+EDA), and SCR Peaks (ECG+EDA+RSP). Each 

dataset was trained and tested using five classifiers: Logistic 

Regression, KNN, SVM, RF, and XGBoost. 

The experimental results as shown in Table 1 demonstrate 

that including respiratory signals consistently improves model 

performance for both feature types. For HR BPM, the 

XGBoost model with three signals (ECG+EDA+RSP) 

achieved the highest accuracy of approximately 92%, whereas 

without RSP (ECG+EDA) the accuracy was slightly lower at 

approximately 90%. F1-scores also improved across all 

classes when RSP was added, particularly achieving around 

0.99 for the Low class. 

A similar trend was observed for SCR Peaks, where the 

addition of RSP also improved the accuracy. XGBoost on SCR 

Peaks (ECG+EDA+RSP) achieved an accuracy of 

approximately 69%, compared to approximately 67% without 

RSP. Although SCR-based labelling yielded lower accuracy 

compared to HR BPM, these findings highlight that integrating 

RSP has a positive contribution. 

Other models such as RF and Logistic Regression also 

showed good performance with RSP (around 90% for HR 

BPM and 69–71% for SCR Peaks). Meanwhile, SVM 

achieved moderate accuracy (80–86% for HR BPM, ~69% for 

SCR Peaks), and KNN yielded the lowest classification 

accuracy (59–69%). 

Table 1. Classifier accuracy for three anxiety levels using combined HR, SCR, and RSP features 

Model 
HR BPM EDA SCR 

EDA + ECG +RSP EDA + ECG +RSP

Logistic Regression 85 90 65 72 

K-Nearest Neighbors (KNN) 69 69 59 64 

Support Vector Machine (SVM) 80 86 71 69 

Random Forest (RF) 89 90 71 69 

XG Boost 91 92 69 67 
Note: HR = heart rate; ECG = electrocardiogram; EDA = electrodermal activity; RSP = respiration; SCR = skin conductance response. 

4. DISCUSSION

The findings indicate that combining HR BPM and SCR 

peaks features, especially when including respiratory signals, 

yields strong physiological arousal classification performance 

under anxiety-eliciting stimuli. Simultaneous changes in HR, 

skin conductance, and RSP reflect ANS activity during 

anxiety. Gradient boosting models such as XGBoost can 

capture these complex non-linear patterns, achieving high 

accuracy even with individual variability across participants. 

Table 2. Comparison with previous study 

Study Signals Method Binary Accuracy Three-Class Accuracy 

Vulpe-Grigorași et al. [24] ECG Neural Network 79.7% - 

Petrescu et al. [11]  ECG, EDA SVM (best) 84.5% - 

Ihmig et al. [18] ECG, EDA, RSP Bagged Trees 89.8% 74.4% 

Proposed Method ECG, EDA, RSP XGBoost - 92% 
Note: ECG = electrocardiogram; EDA = electrodermal activity; RSP = respiration; SVM = support vector machine. 

Compared to other studies as shown in Table 2, the results 

are competitive. Vulpe-Grigorași et al. [24] employed ECG 

with neural networks and reported an accuracy of 

approximately 85–90% for binary anxiety classification. 

Petrescu et al. [11] integrated biosignal measurements in 

virtual reality settings and achieved 70–88% accuracy 

depending on the scenario. Ihmig et al. [18] reported 89.8% 

accuracy for binary classification 74.4% accuracy for three-

class classification using ECG, EDA, and RSP. The present 

findings are competitive with previous studies, particularly 

when considering that this work focuses on three-class 

physiological arousal classification, whereas several earlier 

studies primarily reported binary classification performance. 

This highlights the benefits of including respiratory signals 

and selecting suitable machine-learning methods. 

Despite these promising results, some limitations of this 

study remain. The relatively small sample size limited the 

generalizability of our results. Class imbalances and controlled 

laboratory conditions may also restrict applicability in real-

world scenarios. Demographic and clinical factors were not 

extensively analyzed. Accordingly, the reported results should 

be interpreted as physiological arousal classification under 

anxiety-eliciting stimuli rather than clinical anxiety diagnosis. 

These findings provide an important foundation for the 

development of non-invasive biosignal-based anxiety 

detection systems. The inclusion of respiratory signals has 

proven beneficial and should be considered in the design of 

wearable devices and physiological monitoring systems. 

Moreover, this approach has potential for adaptation in various 

contexts, including exposure-based therapy (as in Ihmig et al. 
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[18]) and integration with virtual-reality technologies (as in 

Petrescu et al. [11]). 

 

 

5. CONCLUSIONS 

 

This study designed and evaluated a three-level 

physiological arousal classification system based on 

multimodal biosignals, including ECG, EDA, and RSP. The 

experimental results demonstrate that integrating respiratory 

signals consistently improves classification performance 

across different labeling strategies. The XGBoost model 

achieved the highest accuracy of approximately 92% for HR-

based three-class arousal classification and around 69% for 

SCR-based three-class classification, highlighting the 

effectiveness of multimodal feature fusion. 

These findings indicate that respiratory signals provide 

complementary information to cardiovascular and 

electrodermal measures in modeling anxiety-related 

autonomic activation. Nevertheless, this study is limited by its 

relatively small sample size and controlled laboratory 

conditions. Accordingly, the reported results should be 

interpreted as physiological arousal classification under 

anxiety-eliciting stimuli rather than clinical anxiety diagnosis. 

Future work should focus on subject-independent evaluation, 

external ground-truth validation, and deployment in real-

world wearable settings. 
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