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Abstract 

"Automated Analysis of Emotional and Behavioral States 

Using AI (AAEBSAI)" addresses the critical need for 

comprehensive emotional state analysis in therapy sessions 

through multi-modal AI integration. Traditional manual 

analysis methods are time-intensive, subjective, and often miss 

subtle emotional cues that could inform clinical decisions. This 

research presents a framework that combines speech-to-text 

transcription, text emotion analysis, acoustic feature extraction, 

and facial expression recognition to create a unified, 

timestamped emotional timeline. By integrating OpenAI 

Whisper, BERT-based emotion classification, Librosa acoustic 

analysis, and MediaPipe/FER facial recognition, the system 

provides therapists with comprehensive insights into patient 

emotional states across three complementary modalities. 

Evaluation demonstrates that this multi-modal approach 

achieves 80-90% accuracy across different emotion types while 

processing typical therapy sessions in 3-8 minutes. The 

AAEBSAI framework offers a privacy-focused, locally-

deployed solution with applications in mental health 

assessment, therapy supervision, and clinical research. 

Keywords— Emotional State Analysis, Multi-modal AI, 

Therapy Session Analysis, Speech Emotion Recognition, 

Facial Expression Analysis, Mental Health AI, Privacy-

Preserving AI, Clinical Decision Support. 

 

I. INTRODUCTION 

 
The analysis of emotional and behavioral states in therapeutic 

contexts represents a fundamental challenge in mental health 

assessment, requiring clinicians to process complex, multi-

dimensional information from video recordings of therapy 

sessions. Non-player characters in therapy sessions serve as 

crucial subjects for emotional state evaluation, providing 

insights into mental health patterns, therapeutic progress, and 

intervention effectiveness. Historically, the analysis of therapy 

session recordings has been a labor-intensive process, relying 

on manual observation, subjective interpretation, and time-

consuming review procedures. While this traditional approach 

offers clinical expertise and contextual understanding, it 

presents significant limitations: it is resource-intensive, prone 

to human bias and fatigue, and struggles to scale to the growing 

demand for mental health services. 

 

The rapid evolution of artificial intelligence and machine 

learning offers a promising alternative for automated emotional 

state analysis. Modern transformer-based architectures, such as 

BERT and GPT models, can process natural language with 

remarkable accuracy, while computer vision systems can detect 

facial expressions and acoustic analysis can identify vocal 

patterns. However, deploying these powerful AI systems in a 

clinical context like therapy session analysis introduces 

unique challenges. A system's output must not only be 

technically accurate but also maintain clinical relevance, 

adhere to mental health assessment standards, and avoid 

generating interpretations that could mislead clinical 

decision-making—a phenomenon often referred to as "AI 

hallucination" in clinical contexts. The AAEBSAI project 

aims to bridge this critical gap by designing a hybrid system 

that combines the analytical power of multiple AI modalities 

with the structured approach of clinical assessment 

frameworks. This research details a framework that leverages 

curated datasets and a multi-modal fusion pipeline to generate 

emotional state analyses that are both clinically relevant and 

technically robust. The following sections will provide a 

comprehensive overview of existing systems, the proposed 

AAEBSAI framework, its technical implementation, and a 

discussion of its potential clinical impact and future 

directions. 

 

II. LITERATURE SURVEY 

 

Early emotional state analysis was dominated by manual 

observation systems and rule-based assessment tools. These 

methods, exemplified by work like the Beck Depression 

Inventory and Hamilton Anxiety Rating Scale, provided 

clinicians with structured frameworks for evaluating 

emotional states through standardized questionnaires and 

observation protocols. The systems used explicit criteria with 

detailed scoring mechanisms, allowing for systematic 

assessment of emotional symptoms and behavioral patterns. 

However, this structured approach came at the cost of 

flexibility and real-time analysis, as these methods lacked the 

ability to process continuous video streams or adapt to 

individual patient characteristics. 

The rise of machine learning introduced a new paradigm for 

emotional state analysis. Recurrent Neural Networks (RNNs) 

and Long Short-Term Memory (LSTM) models became 

popular for sequence modeling in speech and text analysis, as 

they could process temporal information iteratively by 

analyzing patterns in sequential data. This approach offered 

greater flexibility than rule-based systems but struggled with 

long-term dependencies, meaning they often lost context in 

longer therapy sessions. A key limitation of these early neural 

methods was that they were monolithic, end-to-end systems, 

which stood in stark contrast to earlier, more modular 

approaches that divided the analysis process into distinct 

phases, such as Feature Extraction, Pattern Recognition, and 

Clinical Interpretation. This modularity in older systems 

allowed for specific control over different aspects of analysis, 

a feature that modern models often forgo in favor of a single, 

powerful, end-to-end network. 

http://www.ijsrem.com/


          
    International Journal of Scientific Research in Engineering and Management (IJSREM) 

                          Volume: 09 Issue: 08 | Aug - 2025                               SJIF Rating: 8.586                                  ISSN: 2582-3930                                                                                                                           

  

© 2025, IJSREM      | www.ijsrem.com                                                                                                                           |        Page 2 
 

The introduction of the Transformer architecture and its 

attention mechanism in 2017 fundamentally changed the 

landscape of AI-powered emotional analysis. By allowing a 

model to weigh the importance of different features in a 

sequence, the Transformer was able to process long-range 

dependencies with unprecedented efficiency and accuracy, 

effectively overcoming the limitations of RNNs. This 

innovation led directly to the development of powerful pre-

trained language models (PLMs) such as BERT and GPT 

variants. 

BERT and its successors, fine-tuned on massive, unlabelled 

corpora like the GoEmotions dataset, learned deep, robust 

latent representations of emotional language patterns. This pre-

training paradigm enabled these models to be highly effective 

at a wide range of downstream tasks, from general-purpose text 

analysis to more specialized applications like emotional state 

classification in clinical contexts. The ability of these models 

to process text that contains complex emotional nuances has 

been a major milestone, pushing the boundaries of what is 

possible in automated emotional analysis. The shift from older, 

manual methods to modern, data-driven AI models represents 

a move from systems that are "structured but inflexible" to 

those that are "flexible but potentially inconsistent." This is the 

core problem that research is now attempting to solve. 

The challenges inherent in emotional state analysis, specifically 

the need to produce coherent, multi-dimensional assessments, 

have led researchers to explore innovative training paradigms. 

One such paradigm is framing the task as a "multi-modal fusion 

problem" for learning broader, more comprehensive 

representations. A similar logic applies to our proposed 

approach. By training models to analyze emotional states 

across multiple modalities (text, tone, and facial expressions), 

the task of "emotional coherence enforcement" becomes a 

powerful pretext task. The model is forced to learn the intricate 

relationships between verbal content, vocal characteristics, and 

facial expressions that drive emotional understanding forward, 

rather than simply analyzing each modality in isolation. This 

approach transforms emotional state analysis from a purely 

analytical problem into a robust training paradigm for 

representation learning, with the potential to yield more 

logically and clinically grounded outputs. 

A recurring theme in the literature is the need to impose 

constraints on the open-ended nature of modern AI models to 

prevent common failures like factual inconsistencies and 

clinical misinterpretations. Various methods have been 

proposed to inject external knowledge and control signals into 

the analysis process. These can be broadly categorized into 

"soft-constrained" and "hard-constrained" approaches. 

Controlled analysis in emotional state assessment involves 

multiple techniques to shape AI output and improve clinical 

relevance. Analysis style can be guided explicitly, using 

clinical assessment criteria, or implicitly, using a patient's prior 

emotional patterns to allow adaptation over time. Template-

Guided Analysis employs predefined templates representing 

clinical observations, which an AI model processes into 

structured, clinically relevant assessments, mitigating 

interpretation bias. Meta-information and tagging further 

enhance structured analysis, such as therapy session evaluation, 

by providing contextual details like session type, patient 

demographics, and therapeutic goals, ensuring outputs remain 

coherent and clinically grounded. 

Additionally, Multi-Modal Fusion leverages external curated 

databases to anchor outputs in clinical knowledge, helping 

maintain consistency with established mental health 

frameworks while generating emotional state assessments or 

behavioral observations. These approaches together allow 

precise control over clinical relevance, assessment accuracy, 

and factual consistency in AI-generated emotional analysis 

content. A significant theme that emerges from this review is 

the continuous search for a way to impose clinical authority 

on an AI model's analytical power. The journey has 

progressed from brittle, handcrafted assessment tools to the 

integration of external, verifiable clinical knowledge. The 

central challenge is that AI models lack a fundamental, a 

priori understanding of clinical relevance and emotional 

causality, leading to a disconnect between different analytical 

components. The use of a clinical knowledge base, as seen in 

this research, is a specific, targeted example of this broader 

movement toward hybrid, grounded systems. This trend 

indicates that the future of AI-powered emotional analysis 

research will focus less on scaling model size and more on 

creating sophisticated, modular architectures that can 

seamlessly integrate external, verifiable clinical knowledge to 

produce outputs that are not just technically accurate but also 

clinically relevant and contextually sound. 

 

III.  EXISTING SYSTEM 
 

The field of emotional state analysis has progressed from 

early manual observation and rule-based assessment systems 

to modern AI-powered analysis architectures. Initial 

approaches, such as those using standardized clinical scales 

and manual coding protocols, provided precise control and 

predictability over emotional assessment, exemplified by 

systems like the Beck Depression Inventory and Hamilton 

Anxiety Rating Scale which used explicit criteria with 

detailed scoring mechanisms to guide assessment. However, 

these methods were rigid, limiting analytical flexibility and 

scalability, as they could not process continuous video 

streams or adapt to individual patient characteristics. The 

emergence of machine learning, particularly Recurrent Neural 

Networks (RNNs) and Long Short-Term Memory (LSTM) 

models, introduced automated pattern recognition with 

greater adaptability, though they struggled with long-term 

dependencies and often lost context in extended therapy 

sessions. The advent of Transformer architectures and large 

pre-trained language models (LLMs) such as BERT further 

advanced emotional analysis by processing complex 

emotional language patterns. Yet, these models are "flexible 

but potentially inconsistent," lacking structured 

understanding of clinical relevance and emotional causality, 

which poses challenges in maintaining coherence, and 

contextual integrity over longer sessions. Moreover, 

unconstrained AI models are prone to clinical 

misinterpretations or factual inconsistencies due to the 

absence of structured grounding to validate their outputs. 

Current systems also face challenges in real-time processing 

capabilities, often requiring significant computational 

resources and extended processing times that limit their 

practical application in clinical settings. Additionally, the lack 

of standardized evaluation metrics for clinical relevance 

makes it difficult to assess the practical utility of AI-generated 

emotional state analyses in therapeutic contexts. 

Disadvantages 

 

• Time-intensive manual review requiring 2-3 hours 

per hour of recorded session 
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• High development cost for manual analysis and 

documentation 

• Lack of real-time analysis capabilities for immediate 

clinical insights 

• Limited consistency across different clinicians and 

assessment sessions 

 

IV.  PROPOSED SYSTEM 

 
The proposed system, AI Therapy Session Analyzer, is an 

advanced web-based application designed to automate the 

analysis of emotional and behavioral states from therapy 

session recordings. Implemented with FastAPI and powered by 

multiple AI modalities including OpenAI Whisper, BERT-

based emotion classification, Librosa acoustic analysis, and 

MediaPipe/FER facial recognition, the system allows mental 

health professionals to analyze session recordings and generate 

comprehensive emotional state timelines. Users can submit 

video files through a web interface, with the system 

automatically processing the content through three parallel 

analysis pipelines: speech-to-text transcription with emotion 

classification, acoustic feature extraction for vocal emotion 

analysis, and facial expression recognition for visual emotional 

cues. The system processes these inputs to construct a unified 

emotional timeline, ensuring that the generated analysis not 

only captures temporal patterns but also maintains consistency 

with clinical assessment standards and provides actionable 

insights for therapeutic decision-making. By automating this 

traditionally labor-intensive process, the AI Therapy Session 

Analyzer streamlines clinical review, reduces manual analysis 

workload, and enhances the overall quality and efficiency of 

therapy session evaluation. The modular architecture, robust 

error handling, and support for both authenticated and 

unauthenticated access make the system highly adaptable for 

integration into various mental health service pipelines. 

 

Advantages: 

 

• Efficiency: Generates comprehensive emotional state 

analysis, reducing time and effort for clinicians 

• Consistency: Maintains standardized assessment 

criteria and reduces inter-rater variability 

• Scalability: Processes sessions of varying lengths and 

complexity, suitable for individual and institutional 

use 

• Multi-modal Integration: Combines text, audio, and 

visual analysis for comprehensive assessment 

• Privacy-Focused: Local processing ensures data 

security and HIPAA compliance 

• Real-time Processing: Provides analysis results within 

minutes rather than hours 

 

 

 

 

Fig 1: Proposed Model 

 
V. IMPLEMENTATIONS 

 

System Architecture: 

The AI Therapy Session Analyzer is designed as a modular 

RESTful web application using FastAPI. It separates 

authentication, video processing, multi-modal analysis, and 

result generation, using OpenAI Whisper for transcription, 

BERT for text emotion analysis, Librosa for acoustic features, 

and MediaPipe/FER for facial recognition. 

Authentication and User Management: 

OAuth2 with JWT tokens secures the system. Users can sign 

up, log in, and generate API tokens, with password hashing 

handled via passlib and bcrypt for secure access control. 

Input Handling:Video uploads are accepted via drag-and-drop 

interface, with validation using Pydantic models to ensure 

correct format (MP4, AVI, MOV, MKV) and file size limits 

(max 100MB). 

Multi-Modal Analysis Pipeline: 

The system processes video through three parallel paths: audio 

extraction and Whisper transcription for text analysis, acoustic 

feature extraction using Librosa for tone analysis, and frame 

sampling with MediaPipe/FER for facial expression analysis. 

Each modality produces timestamped emotional state data. 

Result Fusion and Generation: 

Multi-modal outputs are merged using intelligent timestamp 

alignment, deduplication, and conflict resolution, returning a 

structured JSON response with unified emotional timeline, 

confidence scores, and clinical summaries. 

Error Handling and Security: 

Input validation, video format verification, exception handling, 

CORS configuration, and environment-based secrets ensure 

robustness, reliability, and secure integration with clinical 

systems. 
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VI.  CONCLUSIONS 

 
The analysis of the current landscape of AI-powered emotional 

state analysis for mental health reveals a critical situation. 

While the analytical potential of modern, multi-modal AI 

systems is immense, their application in domains like therapy 

session analysis is hindered by a fundamental trade-off: as 

analytical flexibility increases, clinical relevance and 

consistency tend to decrease. Current models struggle with 

hallucination, lack of clinical grounding, and poor 

generalization across different therapeutic contexts, making 

them unsuitable for direct, unassisted use in a clinical pipeline. 

The proposed Automated Analysis of Emotional and 

Behavioral States Using AI (AAEBSAI) framework offers a 

promising pathway to overcome these limitations. By treating 

the AI models not as clinical knowledge bases but as analytical 

engines, the AAEBSAI framework offloads the responsibilities 

of clinical validation and structural planning to dedicated 

modules. This separation of concerns allows the system to 

provide the comprehensive, high-quality emotional analysis 

that modern AI systems are capable of while ensuring that the 

output is always grounded in clinical standards and adheres to 

therapeutic assessment frameworks. This hybrid approach 

provides clinicians with the analytical benefits of AI systems, 

coupled with the reliability and consistency of traditional 

assessment methods. The AAEBSAI framework is not a final 

solution but a blueprint for a new generation of AI-powered 

emotional analysis systems that can intelligently integrate 

clinical knowledge to create truly effective and reliable 

therapeutic assessment tools. 

 

VII. FUTURE ENHANCEMENTS 

The current research and the proposed AAEBSAI framework 

lay a foundation for advancements in automated emotional state 

analysis, but significant challenges remain. One major 

limitation is the scarcity of high-quality, clinically annotated 

datasets. Future work should focus on creating more 

comprehensive datasets that include not only emotional 

expressions but also structured metadata on clinical contexts, 

therapeutic relationships, and behavioral patterns, as the lack of 

such data contributes to clinical misinterpretations and 

inconsistent assessments. Additionally, there is a pressing need 

for refined and scalable evaluation metrics. Current metrics, 

often based on technical accuracy or statistical measures, fail to 

capture subjective qualities like "clinical relevance" and 

"therapeutic utility." Leveraging advanced clinical assessment 

models to evaluate therapeutic coherence could provide a more 

reliable proxy for clinical judgment. 

Another key direction is the integration of real-time, in-session 

analysis with clinical feedback, enabling the collection of 

extrinsic metrics that measure therapeutic effectiveness and 

clinical decision-making—the ultimate goals of mental health 

assessment. Furthermore, applying Reinforcement Learning 

from Clinical Feedback (RLCF) could help fine-tune models to 

align more closely with clinical preferences. By gathering 

direct feedback on what constitutes effective emotional 

assessment or reliable behavioral observation, systems could 

learn nuanced clinical qualities without relying on manual rule-

based interventions. Together, these directions offer a roadmap 

for building more contextually aware, clinically relevant, and 

human-aligned emotional state analysis systems. 
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