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[Abstract]

Bio-signal-based crisis recognition models have demonstrated high classification performance in

healthcare and safety-related applications; however, their real-world adoption is often limited by the lack of

interpretability in model decision-making processes. This study explicitly focuses on explainability rather

than performance generalization and proposes an explainable artificial intelligence (XAI)-based analytical

framework for investigating parameter importance in a bio-signal-based crisis recognition model. An

artificial neural network was constructed using five physiological signals: blood pressure, body temperature,

heart rate, electrocardiogram (ECG), and galvanic skin response (GSR). Global feature importance was

analyzed using SHAP, while local decision behavior for individual samples was interpreted using LIME.

Experimental results show that, despite weak linear correlations among bio-signals, heart rate and ECG

consistently play dominant roles in crisis recognition decisions. These findings demonstrate that

conventional correlation analysis alone is insufficient to explain nonlinear model behavior and highlight the

necessity of XAl techniques for transparent and trustworthy bio-signal-based decision systems.
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I. Introduction
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II. Preliminaries

1. Related works
1.1 Research on Crisis Recognition Based on
Biometric Signals
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1.2 Machine Learning-Based Biometric Signal
Analysis
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1.3 Explainable Artificial Intelligence (XAI)
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III. The Proposed Scheme

1. Research Methodology

1.1 Overall Structure of the Study
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Fig. 1. Overall structure of biosignal-based crisis
recognition and XAl application
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1.2 Dataset Construction
1.2.1 Experimental Environment
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Table 2. Normalized input data after preprocessing

Sample | Lable BP Teomp HR ECG | GSR

mmHg | (C) | (bmp) | (MV) | (pS)
S001 Normal 0.42 031 | 028 | 0.33| 021
S002 Normal 0.45 034 | 031 | 036| 024
S003 Crisis 0.78 0.69 | 082 | 074 | 076
S004 Crisis 0.83 072 | 0.88| 0.79 | 081
S005 Normal 0.39 028 | 026 | 030 | 0.19
S006 Crisis 0.80 0.65| 076 | 0.69 | 0.73

1.3 Artificial Neural Network Model Architecture

and Parameters
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Table 1. Sample raw bio-signal data before (5Nodes)  (64Nodes) (64 Nodes) (1 Node)
preprocessing Fig. 3. Architecture of the artificial neural network—based
BP Tem HR ECG GSR crisis recognition model
Sample | Lable A P
mmHg | (C) | (bmp) | (mV) | (uS)
S001 Normal 118 | 365 72 | 082 3.1 C}29] Table. 32 2@ &0 ML= njtojg] x3+
S002 Normal 121 36.6 75 0.85 3.4 o]l:}_
S003 Crisis 136 374 104 1.26 6.8
S004 Crisis 142 37.6 Nnoj 134 72 Table 3. Model training hyperparameters
S005 Normal 115 364 70 0.79 29
S006 Crisis 138 37.2 98 1.18 6.1 Parameter Value
Input features 5
1.2.5 Preprocessed Biometric Signal Data Hidden layers 3(64-32-16)
t}29] Table. 2= ¥A] Ho|E1S Min-Max AJ}a}5 | Optimizer Adam
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2. Experience
2.1 Experimental Setup and Evaluation Metrics
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2.2 Model Performance Comparison

Table 4. Performance comparison between models

Accuracy
Model (%) Loss
Existing model 98.33 0.00695
Enhanced model 99.50 0.00312
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Fig. 4. Training and validation accuracy and loss curves

2.4 SHAP-Based Global Feature Importance Analysis
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2.5 LIME-Based Local Feature Importance Analysis
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Table 5. Correlation coefficients among bio-signals

Pair Correlation
BP-Temp -0.076
BP-HR -0.058
ECG-GSR -0.088
HR-GSR -0.043
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IV. Conclusions
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