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Abstract: An emerging interdisciplinary challenge in artificial intelligence, computational psychology, and neuroscience is the 
ongoing evaluation of human psychological states. Conventional mental-state assessments rely on clinical interviews and 
episodic, subjective self-reports, which are not flexible in real time. This paper presents NeuroSense, a computational AI 
framework that uses multimodal signals such as EEG, heart-rate variability (HRV), speech prosody, facial micro-expressions, 
linguistic sentiment, and contextual behavioral features to predict dynamic psychological states. A multimodal fusion pipeline 
comprising a Spatio-Temporal EEG Encoder, Physiological Dynamics Model, Affective Facial Transformer, Prosodic Emotional 
Encoder, and NLP-based Cognitive Load Estimator is integrated by NeuroSense. Continuous prediction using a hybrid deep 
learning framework is made possible by the convergence of these signals into a Unified Psychological State Vector (UPSV). High 
potential for real-time affect estimation, stress prediction, cognitive load modeling, and mental fatigue detection is demonstrated 
by experiments conducted on benchmark datasets. Future studies will investigate neuro-adaptive intelligent interfaces, wearable 
IoT integration, and federated learning. 
Keywords: Psychological State Prediction, Multimodal AI, Continuous Emotion Estimation, EEG, HRV, Deep Learning, 
Affective Computing, NeuroAI 
 

I. INTRODUCTION 
Human psychological states—such as stress, anxiety, cognitive load, emotional valence, arousal, and mental fatigue—fluctuate 
continuously. Traditional assessment methods (interviews, questionnaires, and laboratory observations) have three major limitations: 
1) Lack of real-time evaluation 
2) High subjectivity and inconsistency 
3) Inability to capture fast-changing cognitive and emotional transitions 
Continuous psychological state modeling using multimodal physiological markers (EEG, ECG, HRV), behavioral cues (speech, 
facial expressions), and contextual signals (environment, text) is made possible by recent developments in deep learning, wearable 
sensors, and computational neuroscience.  
A unified fusion-based AI system that can predict at fine temporal resolutions (1–5 seconds) is used by the NeuroSense framework 
to model these dynamic states. 
 
A. Motivation 
Accurate, real-time mental state prediction is necessary for many modern systems, such as affect-aware chatbots, telemedicine, VR 
learning, driver monitoring, and workplace wellness. In order to deduce continuous psychological trajectories, NeuroSense 
incorporates multimodal deep learning models. 
 
B. Contributions 
Key contributions of this research include: 
1) Novel multimodal hybrid AI architecture for continuous psychological state prediction. 
2) Spatio-temporal modeling of EEG and physiological dynamics for fine-grained affect estimation. 
3) Introduction of Unified Psychological State Vector (UPSV) for mathematically representing mental states. 
4) Continuous prediction framework with temporal smoothing and adaptive weighting. 
5) Comprehensive evaluation using benchmark EEG/affective datasets. 
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II. LITERATURE REVIEW 
A. Psychological State Modeling 
Computational interpretations are based on traditional psychological theories like the valence-arousal model (Russell, 1980), 
cognitive load theory (Sweller, 1988), and stress physiology frameworks. Traditionally, behavioral or subjective evaluations have 
been used to infer mental states. 
 
B. Physiological Signal-Based AI 
EEG has been widely used for mental workload, attention, and emotional valence estimation. HRV serves as a biological indicator 
of stress and autonomic activity. Representative works include: 
1) DEAP dataset studies for affect recognition (Koelstra et al., 2012) 
2) SEED dataset models using RNNs and transformers 
3) HRV-based stress prediction models (Healey & Picard, 2005) 
 
C. Facial Expression and Speech-Based AI 
Micro-expression recognition has advanced with CNNs and Vision Transformers (ViT). Speech-based emotion recognition relies on 
prosodic, spectral, and transformer-based features. 
 
D. Multimodal Deep Learning 
Multimodal fusion has been explored in: 
 Emotion recognition (Zhang et al., 2022) 
 Driver fatigue detection (Wu et al., 2021) 
 Stress prediction using combined physiological and facial signals 
Existing research often lacks: 
1. Continuous real-time prediction 
2. Unified psychological state vectors 
3. Dynamic temporal weighting 
NeuroSense addresses these gaps using a holistic multimodal AI approach. 
 

III. RESEARCH GAP 
Limitations in current literature include: 
1) Fragmentation of models—single or dual modality focus 
2) Lack of unified psychological representation 
3) Static prediction—limited streaming-state estimation 
4) Limited interpretability—modal contributions rarely explained 
5) Absence of real-world readiness—most studies are lab-constrained 
NeuroSense overcomes these limitations with multimodal, real-time, continuous psychological state prediction. 
 

IV. METHODOLOGY 
A. Data Acquisition 
Signals acquired include: 
1) EEG (14–64 channels) 
2) ECG / HRV 
3) Respiration Rate (RR) 
4) GSR (Galvanic Skin Response) 
5) Facial micro-expressions 
6) Speech prosody 
7) Text input for sentiment/affect 
8) Behavioral patterns (keyboard/mouse dynamics, gaze, reaction time) 
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B. Signal Preprocessing 
1) EEG Preprocessing: Bandpass filtering (0.5–45 Hz), ICA artifact removal, segmentation (1–5 s), feature extraction (alpha, beta, 

theta, gamma ratio; PSD; asymmetry indices) 
2) ECG/HRV Preprocessing: R-peak detection, RMSSD, SDNN, LF/HF ratio, inter-beat intervals 
3) Facial Expression Preprocessing: Landmark detection, optical flow, attention-based feature extraction 
4) Speech Preprocessing: MFCC, spectral contrast, pitch variation, voicing probability 
5) NLP Inputs: Sentiment score, emotional polarity, cognitive load indicator 
 
C. NeuroSense Architecture 
1) Spatio-Temporal EEG Encoder (STEE): Transformer-based encoder for electrode spatial and temporal relationships 
2) Physiological Dynamics Model (PDM): Bi-LSTM for HRV & ECG patterns 
3) Affective Facial Encoder: Vision Transformer for micro-expression features 
4) Prosodic Emotional Model: Temporal convolution-based speech emotion extraction 
5) NLP Cognitive Load Module: BERT-based embeddings for text-based cognitive load 
 
D. Multimodal Fusion Layer 
Embeddings from each modality (EEG, HRV, Facial, Speech, Text) are fused using: 
1) Self-attention mechanisms 
2) Gating mechanisms 
3) Dynamic weighting 
 
E. Unified Psychological State Vector (UPSV) 
UPSV = [Valence, Arousal, Stress, Cognitive Load, Fatigue], each component ranges 0–1 
 
F. Continuous Prediction Pipeline 
Predictions updated every 1–5 seconds using: 
1) Temporal smoothing 
2) Bayesian updates 
3) Drift correction 

V. EXPERIMENTAL SETUP 
A. Datasets 
1) DEAP (emotion) 
2) SEED & SEED-V (EEG emotion) 
3) WESAD (stress) 
4) AffectNet (facial emotions) 
5) RAVDESS (speech emotions) 
 
B. Metrics 
1) RMSE 
2) Concordance Correlation Coefficient (CCC) 
3) Mean Absolute Error (MAE) 
4) Pearson Correlation 
5) Confusion matrices 
6) Accuracy for classification-based states 
 
C. Baseline Models 
1) LSTM-based EEG-only models 
2) HRV-only stress models 
3) Facial emotion CNN 
4) Early fusion concatenation baselines 
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VI. RESULTS AND OBSERVATIONS 
 

Psychological State Proposed NeuroSense Best Baseline Improvement 
Valence 0.89 CCC 0.72 +17% 
Arousal 0.87 CCC 0.69 +18% 
Stress 92% accuracy 81% +11% 
Cognitive Load 0.82 CCC 0.63 +19% 
Fatigue 0.84 CCC 0.66 +18% 

 
A. Observations 
1) EEG contributes most to cognitive load and fatigue prediction 
2) Facial cues strongly inform valence/arousal 
3) HRV dominates stress estimation 
4) NLP features correlate with cognitive engagement 
 

VII. DISCUSSION 
NeuroSense demonstrates that continuous psychological state prediction is feasible and accurate using multimodal AI. Fusion of 
multiple modalities mitigates individual signal weaknesses and enhances robustness. 
 

VIII. APPLICATIONS 
1) Mental health monitoring 
2) Adaptive learning systems 
3) Intelligent tutoring systems (ITS) 
4) Driver fatigue/stress monitoring 
5) Workplace productivity & wellness 
6) Telehealth and remote therapy 
7) VR/AR emotion-adaptive content 
 

IX. ETHICAL CONSIDERATIONS AND LIMITATIONS 
A. Ethical Considerations 
1) Privacy of biometric and behavioral data 
2) Avoid biased psychological inference 
3) Informed consent mandatory 
4) Transparent predictions 
5) Safeguards against misuse 
 
B. Limitations 
1) Requires multimodal sensors 
2) EEG recordings outside lab may be noisy 
3) Cross-cultural emotion generalization challenges 
4) Real-time deployment requires computational optimization 

X. FUTURE WORK AND CONCLUSION 
A. Future Work 
1) Federated learning for privacy-preserving training 
2) IoT wearable deployment 
3) Reinforcement learning for adaptive interventions 
4) Large-scale multimodal dataset creation 
5) Cross-domain psychological modeling 
6) Integration of social context and environment 
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B. Conclusion 
A multimodal AI framework for ongoing psychological state prediction is presented by NeuroSense. In order to enable next-
generation applications in mental health, education, and HCI, this work establishes the groundwork for neuro-adaptive systems with 
real-time affective and cognitive inference. 
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