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Abstract: Digital journaling has become a popular medium for recording personal experiences, emotions,
and daily reflections. Despite generating valuable longitudinal data, most journaling platforms primarily
serve as storage systems and provide limited support for understanding emotional trends, behavioral
patterns, or personal growth opportunities. This paper presents an Al-powered framework that transforms
journal entries into actionable insights through the integration of emotion recognition, behavioral insight
generation, and personalized recommendation mechanisms. The proposed framework analyzes journal
content to identify emotional states, extract meaningful contextual information, and generate structured
insights related to behavioral patterns, recurring challenges, strengths, and goal-oriented actions. To
further enhance user engagement and self-improvement, the framework  delivers personalized
recommendations by combining emotional context, semantic understanding, and user preferences. A
feedback-driven adaptation mechanism continuously refines user. representations, enabling
recommendations and insights to evolve with changing user behavior. By converting unstructured journal
data into meaningful and personalized guidance, the proposed framework extends digital journaling
beyond passive reflection and supports continuous self-awareness, decision-making, and personal
development.

Index Terms - Emotion Recognition, Behavioral Insight Generation, Personalized Recommendation,
Digital Journaling, Natural Language Processing, User Modeling, Artificial Intelligence.

|. INTRODUCTION

Digital journaling has emerged as a widely adopted practice for recording personal experiences,
emotions, thoughts, and daily activities in textual form. Unlike structured data sources, journal entries
contain rich contextual information that reflects an individual's emotional state, behavioural tendencies,
and life experiences over extended periods. The increasing adoption of digital journaling platforms has
resulted in the generation of large volumes of unstructured textual data, creating opportunities for the
application of Artificial Intelligence (Al) and Natural Language Processing (NLP) techniques to support
self-reflection and personal development [23], [24].

Journaling is often used as a tool for emotional expression and self-awareness; however, manually
analysing large collections of journal entries is both time-consuming and cognitively demanding. Users
frequently struggle to identify recurring emotional patterns, behavioural tendencies, and underlying causes
of personal challenges from historical entries. Consequently, most journaling applications function
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primarily as storage systems, providing limited support for transforming recorded experiences into
actionable insights or personalized guidance [23], [24].

Recent advancements in NLP have significantly improved the ability of machines to understand and
process human language. Transformer-based architectures such as BERT, ROBERTa, and related variants
have demonstrated strong performance in emotion recognition tasks by effectively capturing contextual
and semantic information from text [1], [2], [5], [25]. Similarly, modern abstractive summarization models
including BART, T5, and retrieval-augmented generation approaches have enabled the generation of
coherent summaries from large volumes of textual content while preserving contextual meaning [12], [13],
[14]. These developments have expanded the potential for intelligent analysis of personal textual data.

In parallel, recommendation systems have evolved from traditional collaborative filtering and content-
based approaches to more sophisticated personalized frameworks that incorporate user preferences,
contextual information, and emotional signals [15], [16], [17], [20]. Emotion-aware recommendation
techniques have shown promising results in improving recommendation relevance by considering users’
affective states and behavioural characteristics [18], [19], [21]. Despite these advances, most existing
systems address emotion recognition, summarization, and recommendation as independent tasks rather than
components of a unified intelligent framework [3], [4].

Furthermore, current approaches primarily focus on descriptive outputs such as emotion labels,
summaries, or content suggestions. They often lack mechanisms for generating structured behavioural
insights that help users understand recurring patterns, emotional triggers, strengths, conflicts, and
opportunities for personal growth. In addition, many systems rely on short-term representations and fail to
utilize the longitudinal nature of journaling data, where meaningful insights emerge from patterns observed
across multiple entries over time [8], [18], [22].

To address these limitations, this paper presents an Al-powered framework for emotion recognition,
insight generation, and personalized recommendations. The proposed framework combines transformer-
based emotion analysis, semantic representation learning, behavioural insight generation, and adaptive
recommendation techniques within a unified architecture. By integrating these capabilities, the framework
aims to transform unstructured journal entries into actionable insights and personalized guidance that
support continuous self-reflection and self-improvement.

The major contributions of this work are summarized as follows:

Development of a unified framework integrating emotion recognition, behavioural insight generation, and
personalized recommendations.

Design of a behavioural insight generation mechanism capable of identifying recurring patterns, emotional
triggers, strengths, conflicts, and actionable goals from journal entries.

Implementation of a personalized recommendation strategy that combines emotional context, semantic
representations, and user preferences to improve recommendation relevance.

Introduction of a feedback-driven adaptation mechanism for longitudinal user modelling and continuous
personalization.

The remainder of this paper is organized as follows. Section Il reviews related work in emotion
recognition, text summarization, recommendation systems, and behavioural analysis. Section Il identifies
the research gap and formulates the problem statement. Section IV presents the proposed system
architecture. Section V describes the methodology and implementation details. Section VI discusses
experimental results and evaluation. Finally, Section VII concludes the paper and outlines future research
directions.

Il. RELATED WORK

Recent advancements in Artificial Intelligence (Al) and Natural Language Processing (NLP) have
significantly improved the ability to analyze, understand, and generate human language. Research relevant
to intelligent journaling systems primarily spans four domains: emotion recognition, text summarization,
recommendation systems, and behavioral text analysis. These domains collectively provide the foundation
for extracting meaningful information from unstructured textual data and delivering personalized user
experiences.
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2.1 Emotion Recognition in Text

Emotion recognition aims to identify affective states expressed in textual content and has become an
important research area in NLP. Transformer-based architectures have demonstrated remarkable success
in capturing contextual and semantic relationships within text, significantly improving emotion
classification performance. Ahmed et al. [1] compared DistilBERT, XLNet, ROBERTa, and BigBird for
conversational emotion detection and reported superior contextual understanding compared to traditional
approaches. Similarly, graph-based techniques have been explored to model semantic dependencies
beyond sequential text structures, enabling improved emotion classification performance in complex
textual data [2].

Several studies have combined machine learning and deep learning techniques to improve the
robustness of emotion detection systems. Hybrid approaches utilizing linguistic features and neural
networks have demonstrated improved classification accuracy across diverse datasets [5], [6]. Emotion
recognition has also been applied to various forms of user-generated content, including text messages,
social media posts, and conversational interactions, highlighting its practical applicability across different
domains [7] — [11]. Furthermore, large-scale surveys have emphasized the growing role of transformer-
based models in improving contextual understanding and affective computing applications [23], [24].

Despite substantial improvements in classification accuracy, existing research primarily focuses on
identifying emotional categories rather than utilizing emotional information for higher-level behavioral
interpretation and personalized decision support [1], [5], [23].

2.2 Text Summarization Techniques

Text summarization techniques aim to generate concise representations of lengthy textual content
while preserving essential information and semantic meaning. Recent developments in transformer
architectures have significantly advanced abstractive summarization by enabling the generation of
coherent and contextually meaningful summaries [12], [13], [14].

Praneeth et al. [12] investigated retrieval-augmented generation techniques for summarizing customer
feedback and demonstrated improvements in contextual awareness and information preservation.
Similarly, Khan et al. [13] proposed a hybrid T5-LSTM architecture capable of generating high-quality
summaries while maintaining semantic consistency. These approaches have shown particular
effectiveness in domains involving large volumes of textual information where manual analysis becomes
impractical [12], [13].

Large Language Models (LLMs) have further expanded summarization capabilities by leveraging
extensive pretraining and contextual reasoning mechanisms [12], [13], [25]. Such models can generate
fluent and human-readable summaries that retain key contextual information. However, most
summarization systems primarily focus on information compression and content abstraction, without
integrating emotional understanding, behavioral interpretation, or user personalization mechanisms [12]
—[14].

2.3 Personalized Recommendation Systems

Recommendation systems play a crucial role in delivering personalized content by modeling user
preferences and behavioral characteristics. Traditional approaches have relied on collaborative filtering
and content-based filtering techniques, while recent research has increasingly incorporated contextual and
emotional information to improve recommendation relevance [15], [16], [20].

Emotion-aware recommendation systems have demonstrated promising results in adapting
recommendations according to users’ affective states. Tennakoon et al. [14] developed an emotion-based
recommendation framework that utilized user emotions to improve personalization. Krishnakumar et al.
[15] proposed a mood-based recommendation system for books and music, while Unnisa et al. [16]
integrated machine learning techniques with content-based filtering to generate mood-centric
recommendations. Similar approaches have been explored for multimedia recommendation scenarios,
including movies, books, and entertainment content [18], [19], [21].

Researchers have also investigated the integration of emotional information with collaborative filtering
techniques to improve recommendation quality. Leung et al. [17] introduced a text-based emotion-aware
recommender system, while Kim et al. [20] combined emotional signals with collaborative filtering to
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enhance recommendation effectiveness. Although these approaches improve personalization, many rely
on short-term emotional states and limited contextual information, restricting their ability to model long-
term behavioral evolution and changing user preferences [17], [18], [20].

2.4 Behavioural Analysis and Intelligent Text Understanding

Recent research has extended beyond emotion classification toward extracting behavioral and
psychological insights from textual data. Sentiment analysis and emotion detection techniques have been
applied to infer user attitudes, psychological states, and behavioral tendencies from written content [22],
[23]. These approaches demonstrate the potential of NLP for supporting self-reflection, decision-making,
and mental well-being applications.

Kusal et al. [23] provided a comprehensive review of Al-based emotion detection methods and
highlighted their applications in behavioral understanding and human-centered intelligent systems. Malik
et al. [24] further expanded this direction through multimodal emotion analysis, demonstrating the value
of combining multiple information sources to improve user understanding. Such studies suggest that
textual data contains rich behavioral information that extends beyond simple emotional classification.

The introduction of transformer architectures by Vaswani et al. [25] established the foundation for
modern contextual language understanding and representation learning. Building upon these advances,
transformer-based systems have increasingly been applied to personalized and reflective applications.
Rathod et al. [26] reviewed the role of transformer models in digital journaling environments and
highlighted their effectiveness for mood detection, contextual understanding, and personalization. These
developments demonstrate the growing potential of intelligent systems to transform unstructured personal
text into meaningful user-centric information.

2.5 Comparative Analysis of Existing Approaches (Table I)

The reviewed literature demonstrates significant advancements in emotion recognition, text
summarization, recommendation systems, and behavioral text analysis. However, most existing
approaches address these tasks independently and are designed to solve specific problems within their
respective domains. To better understand the strengths and limitations of current research, Table | presents
a comparative analysis of representative studies and highlights the key research gaps that remain
unaddressed.

TABLE I. COMPARATIVE ANALYSIS OF EXISTING APPROACHES

Ref Method Task Contribution Limitation Gap Type
[1] BERT / Emotion Context-aware fine- | Sensitive to noisy | Generalization
RoBERTa Recognition grained classification | informal text
[2] GNN-based Emotion Captures non- | High Scalability
Models Recognition sequential semantic | computational
relations cost
[5] | Hybrid NLP + | Emotion Improves Requires large Data
DL Recognition classification labelled datasets Dependency

accuracy  through
feature fusion

[13] | LLM+RAG | Text Context-aware large- | Inefficient for Efficiency
Summarization scale summarization | real-time use
[14] T5-LSTM Text Enhances summary | Complex Model
Fusion Summarization coherence and | architecture Complexity
semantic
preservation
[16] Mood-based | Recommendation | Uses mood  for | Lacks long-term Temporal
Recommender personalization behaviour Modelling
modelling
[18] | Emotion-aware | Recommendation | Incorporates Poor handling of Emotional
Recommender emotional state in | mixed emotions Complexity

recommendations

IJCRT2606624 | International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org | 826


http://www.ijcrt.org/

www.ijcrt.org © 2026 IJCRT | Volume 14, Issue 6 June 2026 | ISSN: 2320-2882

[21] Emotion + Recommendation | Combines emotion | No  behavioural Behavioural
Collaborative with  Collaborative | insight extraction Insight
Filtering Filtering

[23] | Sentimentand | Behavioural Extracts sentiment- | Outputs  remain Behavioural
Behavioural Analysis based signals descriptive Insight
Analysis
Systems

[4] Unified NLP | Integrated NLP Standardized No Integration
Frameworks sentiment evaluation | recommendation

integration

As shown in Table I, existing studies have achieved considerable success in individual domains such
as emotion recognition, summarization, recommendation, and behavioural analysis. Transformer-based
emotion recognition models provide accurate affective classification, summarization systems effectively
condense textual information, and recommendation systems improve personalization through emotional
and contextual signals. Similarly, behavioural analysis approaches have demonstrated the potential of NLP
techniques for understanding user attitudes and psychological patterns.

Despite these advancements, several limitations remain. Most approaches focus on a single task and
do not leverage the complementary information available across emotional, semantic, and behavioural
dimensions. Existing systems predominantly generate descriptive outputs, such as emotion labels,
summaries, or recommendations, without translating them into structured and actionable behavioural
insights. Furthermore, limited attention has been given to longitudinal user modelling, adaptive
personalization, and the integration of behavioural understanding with recommendation mechanisms.
These limitations reveal the need for a unified framework capable of combining emotion recognition,
insight generation, and personalized recommendations within a single intelligent system.

2.6 Summary of Existing Literature

The reviewed literature demonstrates significant progress in emotion recognition [1], [2], [5] — [11],
text summarization [12] — [14], recommendation systems [14] — [21], and behavioral text analysis [22] —
[26]. Transformer-based architectures have substantially improved contextual understanding and semantic
representation learning, while emotion-aware recommendation systems have enhanced personalization
through affective modeling. Similarly, advances in summarization and behavioral analysis have enabled
efficient extraction of information from large volumes of textual data. Collectively, these developments
provide a strong technological foundation for intelligent journaling systems capable of understanding user
emotions, contextual information, and behavioral characteristics.

I11. RESEARCH GAP

The literature reviewed in the previous section demonstrates substantial progress in emotion recognition,
text summarization, recommendation systems, and behavioural text analysis. Transformer-based models
have significantly improved the ability to identify emotions from textual content [1], [2], [5], while modern
summarization techniques have enabled efficient extraction of key information from large volumes of text
[12], [13], [14]. Similarly, emotion-aware recommendation systems have enhanced personalization by
incorporating affective and contextual information into recommendation processes [15] — [21].

Despite these advancements, existing approaches largely address these capabilities as independent tasks.
Emotion recognition systems primarily focus on classifying emotional states without utilizing emotional
information for deeper behavioural understanding [1], [5], [23]. Text summarization approaches
concentrate on information compression and content abstraction but do not generate personalized or
behaviour-oriented interpretations [12] — [14]. Likewise, recommendation systems emphasize content
relevance and personalization while often neglecting the behavioural context underlying user preferences
[16], [18], [21].

Another significant limitation is the lack of structured behavioural insight generation. Most existing
systems produce descriptive outputs such as emotion labels, summaries, or recommendations, requiring
users to manually interpret their meaning and relevance [21], [23]. Consequently, recurring behavioural
patterns, emotional triggers, strengths, conflicts, and opportunities for personal growth remain largely
unexplored.
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Furthermore, journaling data is inherently longitudinal, capturing user experiences and emotional
evolution over extended periods. However, many existing systems rely on static representations or short-
term signals and do not adequately model changes in user behaviour over time [18], [22]. This limits their
ability to provide adaptive insights and recommendations that evolve according to changing user needs and
preferences.

Therefore, a research gap exists in the development of a unified framework that integrates emotion
recognition, behavioural insight generation, and personalized recommendations while supporting
longitudinal user modelling and continuous adaptation. Addressing this gap can transform digital journaling
from a passive record-keeping activity into an intelligent system capable of delivering actionable insights
and personalized guidance.

IV. PROBLEM DEFINITION

Digital journaling platforms generate large volumes of unstructured textual data containing information
about users’ emotions, experiences, behaviors, and personal reflections. Although such data has significant
potential for supporting self-awareness and personal development, most existing systems primarily function
as storage platforms and provide limited support for extracting meaningful and actionable information from
journal entries [23], [24], [26]. Consequently, users are often required to manually review historical entries
to identify recurring emotional patterns, behavioral tendencies, and areas for improvement.

The unstructured nature of journaling data presents several challenges for automated analysis. Journal
entries frequently contain subjective language, contextual dependencies, diverse writing styles, and
multiple co-occurring emotions, making accurate interpretation difficult [1], [5], [23]. Furthermore,
meaningful behavioral insights often emerge from patterns observed across multiple entries over extended
periods rather than from isolated journal records [18], [22]. As a result, conventional approaches that focus
solely on emotion classification, sentiment analysis, or text summarization are insufficient for providing
comprehensive behavioral understanding and personalized guidance [12], [13], [21].

The problem addressed in this work is the development of an intelligent framework capable of
transforming unstructured journal entries into structured behavioral insights and personalized
recommendations. Such a framework must accurately identify emotional states, capture contextual
meaning, analyze behavioral patterns, and utilize historical user information to generate meaningful and
adaptive outputs. In addition, the framework should support longitudinal user modeling to account for
evolving emotions, behaviors, and preferences over time [18], [22].

The objective of the proposed work is to convert passive journal data into actionable knowledge that
assists users in self-reflection, behavioral understanding, and personal growth through emotion-aware
analysis, insight generation, and personalized recommendations.

V. PROPOSED SYSTEM ARCHITECTURE

This section presents the architecture of the proposed framework for emotion recognition, behavioral
insight generation, and personalized recommendations. The framework is designed to transform
unstructured journal entries into meaningful insights and adaptive recommendations through a multi-stage
processing pipeline. The architecture integrates emotional analysis, semantic understanding, behavioral
interpretation, and recommendation generation within a unified system.

5.1 System Overview

The proposed system operates as an intelligent journaling framework that analyzes user-generated
journal entries to extract emotional, contextual, and behavioral information. The framework processes each
journal entry through multiple analytical components, generating complementary representations that
collectively describe the user's emotional state, experiences, and behavioral tendencies. These
representations are subsequently utilized to generate structured behavioral insights and personalized
recommendations.

In addition to analyzing individual entries, the system maintains historical user representations derived
from previously recorded journal data and interaction history. This enables the framework to identify long-
term behavioral patterns and adapt its outputs according to evolving user preferences and emotional trends.
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5.2 Architecture Components

The proposed architecture follows a modular design in which multiple processing components
collaborate to transform raw journal content into actionable outputs. The process begins with journal entry
submission, where user-generated text is received and prepared for analysis. The input is subsequently
processed by emotion recognition, contextual understanding, and semantic representation modules that
operate on the journal content to generate affective and contextual information.

The generated representations are combined to form a comprehensive understanding of the user’s
current emotional and contextual state. These representations are then utilized by two decision-making
components operating within the framework. The first component focuses on behavioral insight generation
and is responsible for identifying recurring patterns, emotional triggers, strengths, conflicts, and
opportunities for personal growth. The second component focuses on recommendation generation and
utilizes emotional, contextual, and preference-based information to provide personalized content
suggestions.

The separation of insight generation and recommendation generation enables the framework to
simultaneously support self-reflection and personalized assistance while maintaining consistency through
shared user representations. This design also allows individual components to be improved independently
without affecting the overall system architecture.

Figure 1 illustrates the major software components of the proposed framework and their dependencies.
The diagram highlights the interaction between journal processing services, recommendation generation
modules, embedding services, database management components, and external large language model
integration.

<<service>> <<service>> <<service>>
EntryManager RecommendationPipeline InsightGenerator
<<external>>
GeminiLLM

- db : DBManager - cache_store : MediaCacheStore - db : DBManager

- gemini_client : Gemini _A

+ create_entry(uid, title, content) + get_recommendations(uid, type, f) - - model : gemini

+ update_entry(id, content) - build_intent_vector(uid) + generate(uid, start, end) {LangChain)

+ delete_entry(id) - rank_candidates_phase5(...) - build_prompt(entries. moods) + invoke(prompt)

+ process_entry(user, data) - apply_filters() / apply_sorting() - validate_schema(result)

N s - S

\ N ~

-~ 1 Ve
/ \ N N \ \ e
/ \ - e b \\ = ~
/ ~~ > -
J \ N, Lo >
7
<<ROBERTa>> <<BART>> <<MPNet>> 2 <<service>>
SentencePredictor SummarizationPredictor EmbeddingService e TasteVectorService

- model, tokenizer, device - model, tokenizer, device - model : all-mpnet-base-v2 - db : DBManager

- labels : 7 emotions -dim: 768
+ summarize(text)

+ predict(text) + summarize_batch(texts) + embed_text(text) \ + blend(taste, journal)
+ predict_batch(texts) + embed_batch(texts) \ + get_taste_vector(uid)

+ update_taste_vector(uid, e, w)

G s
N~ N
<<persistence>> <<persistence>>
DBManager MediaCacheStore

- db : Firestore - db : Firestore

+ insert_entry() / insert_analysis() + get_candidates(type)

+ +
— — > dependency (uses) insert_embedding() upsert_items(items)

+ fetch_entries_with_analysis() +is_fresh(type)

+ get_user_vectors()

Figure 1. Class Diagram Showing Core Components and Their Relationships

5.3 System Workflow

The workflow begins when a user submits a journal entry through the application. After preprocessing
and validation, the text is analyzed to extract emotional, contextual, and semantic information. These
outputs are stored and combined with historical user data to build a comprehensive understanding of the
user's behavior and preferences.

The extracted information is used to generate behavioral insights and personalized recommendations.
Generated outputs are presented through the application interface, while user interactions are captured as
feedback to continuously refine user profiles, improve personalization, and enhance future
recommendations and insights. Figure 2 illustrates the complete workflow, including emotion recognition,
summarization, embedding generation, data storage, and profile updates.
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RoOBERTa MPNet TasteVector DBManager
Mood Detector Embedding Service (Firestore)

:FlaskAPI :EntryManager
% | FlutterApp | | (journal route) ‘ | (process_entry)
' | '
:
i

200 JSON response

display summary, mood, dashboard
ey, e e

Figure 2. Sequence Diagram for Emotion Recognition, Insight Generation, and Recommendation
Processing

5.4 Feedback-Driven Adaptation

To support continuous personalization, the proposed framework incorporates a feedback-driven
adaptation mechanism. User interactions, including engagement with recommendations and responses to
generated insights, are utilized as implicit feedback signals that contribute to updating user representations.
These updates allow the system to learn evolving user preferences and behavioral characteristics over time.

Furthermore, each new journal entry contributes additional contextual and emotional information that
is incorporated into the user model. Through continuous refinement of user representations, the framework
maintains awareness of changing emotional states, emerging behavioral patterns, and evolving interests.
This enables the generation of increasingly relevant insights and recommendations while preserving long-
term contextual understanding.

Figure 3 illustrates the flow of information between users, journal analysis modules, recommendation
services, insight generation components, persistent storage, and external content providers. The diagram
demonstrates how feedback signals and newly generated journal data contribute to continuous
personalization.

User

“ ’ Request insights
Submit journal entry Recommendations

Request

and interactions Insights and dashboard

Prompt

Google Gemini
Large Language Model

3.0
Insight and
Dashboard Gen.

1.0
Journal
Analysis

2.0

Recommendation
Engine

Structured insights

Update taste Summaries, Store insights
vector (feedback) moods and dashboard

Firestore Database
entries, mood, summaries, embeddings, taste vectors, media cache, insights
/ Enrich media cache
scheduled

External Media Providers
TMDb, Spotify, Google Books

Figure 3. Data Flow Diagram of the Proposed Framework
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5.5 Architecture Diagram

Figure 4 illustrates the overall architecture of the proposed framework. The architecture consists of
interconnected modules responsible for emotion recognition, contextual understanding, semantic
representation learning, behavioral insight generation, recommendation generation, and feedback-driven
adaptation. Together, these components form a unified system capable of transforming unstructured journal
entries into actionable insights and personalized recommendations.

—— SYSTEM ARCHITECTURE _—

USERS / STAKEHOLDERS

B 5 5 Al / ML INFERENCE
FRONTEND (Flutter) BACKEND SERVICES (Flask REST API)

% [i - Journal Service

- Recommendation Chgine >

Flask

+ Gemini: Insights (LangChain)
+ Dashboard / Home

- Hybrid scoring + MMR ranking
User « Journal Entry
e + Media Hub ——
+ Auth & Validat

* | - insights / journey 5 aeten

- Export & Analytics
- Analytics
+ RESTRUl API (fapifvl)
- Login / Auth I

\ DATA & EXTERNAL SERVICES

- Frebase Authentication

- Media providers: TMDb, Spotify, Google Books

- Model artifacts (Amazon 53)

LEGEND

———#  Data Flow / Communication

—_——

Figure 4. Proposed System Architecture of the Al-Powered Journaling Framework

VI. METHODOLOGY

This section describes the methodology employed to transform raw journal entries into structured
behavioral insights and personalized recommendations. The proposed framework combines emotion
recognition, abstractive summarization, semantic representation learning, behavioral insight generation,
and recommendation techniques within a unified processing pipeline. Each component contributes a
distinct layer of understanding, enabling the system to capture emotional, contextual, and behavioral
information from user-generated text.

6.1 Data Preprocessing and Input Handling

The first stage of the framework focuses on preparing raw journal entries for downstream analysis.
Since journal entries are often written in an informal and unstructured manner, preprocessing is required to
improve data consistency and model performance. The preprocessing pipeline performs text normalization,
removal of unnecessary symbols, whitespace standardization, and tokenization. These operations ensure
that the textual input remains semantically meaningful while reducing noise that may negatively affect
model predictions.

In addition to basic cleaning operations, the preprocessing stage preserves contextual information that
may contribute to emotional interpretation. Unlike traditional text processing pipelines that aggressively
remove linguistic features, the proposed approach retains punctuation, sentence boundaries, and expressive
language patterns that may contain affective signals. The processed text is subsequently forwarded to the
emotion recognition, summarization, and semantic representation modules for further analysis.

6.2 Emotion Recognition Module

Emotion recognition forms the foundation of the proposed framework by identifying the emotional
states expressed within journal entries. Since emotions significantly influence human behaviour, decision-
making, and personal experiences, accurate emotion detection is essential for generating meaningful
behavioural insights and personalized recommendations. To achieve this, the proposed system employs a
fine-tuned RoBERTa model, which has demonstrated strong performance in contextual text understanding
and emotion classification tasks [1], [5], [25].

Unlike traditional machine learning approaches that rely on handcrafted linguistic features, ROBERTa
utilizes transformer-based self-attention mechanisms to capture contextual relationships between words
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and phrases. This enables the model to understand nuanced emotional expressions, implicit sentiments, and
contextual dependencies commonly found in personal journal entries [1], [2]. Such capabilities are
particularly important because users often express emotions indirectly through narratives, experiences, and
reflections rather than explicit emotional statements.

The model is designed to classify journal entries into seven emotional categories: anger, disgust, fear,
happiness, neutral, sadness, and surprise. Given an input journal entry x, the RoOBERTa encoder generates
a contextual representation h, which is subsequently passed through a classification layer to produce
emotion scores.

h = RoBERTa(x) 000

The probability distribution across emotion classes is computed using the Softmax function:

POIY) = 57— D20
j=1¢”
where P(y; | x)represents the probability of emotion class i, z; denotes the output logit associated with
class i, and n represents the total number of emotion categories.

The emotion with the highest probability is selected as the dominant emotional state of the journal entry.
The resulting emotion vector provides a structured representation of the user's affective condition and
serves as a key input for subsequent modules within the framework. Emotional information is utilized by
the behavioural insight generation module to identify recurring emotional patterns and potential triggers,
while the recommendation module incorporates emotional context to improve personalization and
recommendation relevance [18], [21].

Furthermore, emotion predictions are stored alongside historical journal data, enabling longitudinal
analysis of emotional trends across multiple entries. By examining emotional variations over time, the
system can identify recurring behavioural patterns, shifts in emotional well-being, and evolving user
experiences. Consequently, the emotion recognition module provides the affective foundation upon which
the remaining components of the proposed framework are built.

6.3 Summarization Module

The summarization module is responsible for generating concise and contextually meaningful
representations of journal entries. Personal journal entries often contain lengthy narratives describing
experiences, thoughts, and emotions, making manual analysis difficult, particularly when users maintain
journals over extended periods. The objective of this module is to reduce information complexity while
preserving the essential context required for behavioral analysis and recommendation generation. By
producing condensed representations of journal content, the framework enables efficient downstream
processing without losing important semantic information.

To accomplish this task, the proposed framework utilizes a transformer-based Bidirectional and Auto-
Regressive Transformer (BART) model. BART combines the strengths of bidirectional encoders and
autoregressive decoders, allowing it to generate coherent abstractive summaries rather than simply
extracting sentences from the original text [12], [13]. Unlike extractive summarization techniques, which
directly select portions of the input text, abstractive summarization creates new sentences that capture the
overall meaning of the journal entry in a more concise and human-readable form.

Given an input journal entry X, the summarization model generates a summary s represented as:
s = BART (x) (130

where xdenotes the original journal entry and srepresents the generated summary. The generated
summary preserves key events, experiences, and emotional context while removing redundant information
and less relevant details.

The summaries produced by this module serve multiple purposes within the framework. First, they
provide users with concise representations of lengthy journal entries, improving readability and reflection.
Second, summarized content supports behavioural insight generation by highlighting the most important
themes and experiences present in the journal. Third, the recommendation module utilizes summarized
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information to better understand user interests, activities, and contextual preferences, thereby improving
recommendation relevance.

Furthermore, summarized representations are stored alongside journal metadata and historical user
information. These summaries contribute to longitudinal analysis by enabling efficient review of past
experiences and behavioural patterns across multiple journal entries. By combining contextual
understanding with information compression, the summarization module enhances the framework's ability
to transform unstructured journal data into meaningful and actionable insights.

6.4 Semantic Representation Learning

While emotion recognition and summarization provide valuable information regarding the emotional
state and contextual content of a journal entry, they are insufficient for capturing deeper semantic
relationships between user experiences, interests, and behavioral patterns. Therefore, the proposed
framework incorporates a semantic representation learning module that converts textual content into dense
vector representations capable of preserving contextual and semantic meaning. These representations serve
as the foundation for behavioral analysis, similarity computation, and personalized recommendation
generation.

The framework employs the all-mpnet-base-v2 Sentence Transformer model to generate semantic
embeddings from journal entries. Sentence Transformers are designed to produce fixed-length vector
representations that capture the semantic meaning of sentences and documents within a high-dimensional
embedding space. Unlike traditional bag-of-words or TF-IDF approaches, transformer-based embeddings
preserve contextual information and semantic relationships between concepts, enabling more meaningful
comparisons between textual inputs.

Given a journal entry or generated summary s, the embedding model produces a semantic vector v
represented as:

v = Embed(s) 040

where s denotes the textual input and v represents the corresponding semantic embedding vector. The
resulting embedding captures information regarding user interests, experiences, activities, preferences, and
contextual themes present within the journal content.

These semantic vectors are stored and aggregated to construct a dynamic user representation. By
combining embeddings generated from multiple journal entries, the system develops a richer understanding
of the user's long-term interests and behavioural characteristics. This approach enables the framework to
move beyond isolated entry-level analysis and identify recurring themes and patterns across historical
journal data.

To measure similarity between textual representations, cosine similarity is utilized. Given two
embedding vectors v;and v,, their semantic similarity is computed as:

V1.V2

[vall llv2l|

where v;. v, denotes the dot product of the vectors and || v llrepresents the vector magnitude. Higher
similarity values indicate stronger semantic relationships between two textual representations.

Similarity(v,,v,) = 050

The generated embeddings play a critical role throughout the framework. They support behavioural
insight generation by identifying recurring themes and contextual patterns across journal entries.
Additionally, they form the basis of the recommendation mechanism, where semantic similarity is used to
match user preferences and contextual interests with candidate content. By providing a structured
representation of journal content within a semantic vector space, the embedding module enables deeper
contextual understanding and more effective personalization across the entire system.

6.5 Behavioral Insight Generation

The behavioral insight generation module represents the core component of the proposed framework.
While emotion recognition identifies the user's emotional state and summarization provides a concise
representation of journal content, these outputs alone do not explain the underlying behavioral patterns
reflected in the user's experiences. The objective of this module is to transform emotional, contextual, and
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semantic information into structured insights that help users better understand their behaviors, recurring
habits, emotional triggers, strengths, challenges, and opportunities for personal growth.

The module receives three primary inputs from preceding components: emotion predictions generated
by the emotion recognition module, summarized contextual information produced by the summarization
module, and semantic embeddings generated through the representation learning module. These
complementary representations collectively provide an understanding of both the emotional and
contextual dimensions of a journal entry. By combining these inputs, the system can move beyond simple
classification and generate higher-level interpretations of user behavior.

Behavioral insight generation is performed by analyzing patterns across current and historical journal
entries. The framework examines recurring emotional states, repeated topics of discussion, frequently
occurring experiences, and contextual relationships between events and emotions. Through longitudinal
analysis, the system identifies trends that may not be apparent within individual entries but emerge over
extended periods of journaling activity. This enables the discovery of persistent behavioral characteristics
and emotional tendencies.

Given the emotional representation E, summary representation S, and semantic embedding V, the
behavioral insight function can be represented as:

I=f(ESR) 160

where I denote the generated behavioural insights and f represents the insight generation process that
combines emotional, contextual, and semantic information.

The generated insights may include identification of recurring emotional patterns, common stress
factors, motivational drivers, behavioural strengths, productivity trends, interpersonal challenges, and
opportunities for self-improvement. Rather than merely reporting detected emotions, the system interprets
the significance of these observations within the broader context of the user's journaling history. This
enables the framework to provide actionable observations that support reflection and informed decision-
making.

Furthermore, the generated insights are continuously refined as new journal entries become available.
Since user behaviour and emotional states evolve over time, the framework updates its understanding of
the user by incorporating newly observed patterns into the existing behavioural profile. Consequently, the
behavioural insight generation module serves as a bridge between raw journal data and meaningful self-
reflective guidance, enabling users to derive practical value from their journaling activities and gain a
deeper understanding of their personal development over time.

6.6 Personalized Recommendation Module

The personalized recommendation module is responsible for generating content suggestions that align
with the user's emotional state, contextual interests, behavioral patterns, and long-term preferences. Unlike
conventional recommendation systems that primarily depend on user ratings or interaction history, the
proposed framework incorporates information derived from journal analysis to create a more context-
aware and adaptive recommendation process. By integrating emotional, semantic, and behavioral
information, the system aims to provide recommendations that are both relevant and meaningful to the
user.

The recommendation process utilizes multiple information sources generated throughout the
framework, including emotional representations obtained from the emotion recognition module,
contextual information extracted through summarization, semantic embeddings generated from journal
entries, and historical user preference data. These components collectively contribute to a comprehensive
understanding of the user’s current needs and long-term interests.

To represent user preferences, the framework maintains a user profile vector U, which is constructed
from historical journal embeddings and accumulated interaction data. Each candidate recommendation
item is similarly represented by an embedding vector C. The initial relevance of a candidate item is
determined using cosine similarity:

u-c

e T

Score(U,C) =

IJCRT2606624 \ International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org ] 834


http://www.ijcrt.org/

www.ijcrt.org © 2026 IJCRT | Volume 14, Issue 6 June 2026 | ISSN: 2320-2882

where U denotes the user profile vector and C represents the candidate content vector. Higher similarity
values indicate stronger alignment between user interests and candidate content.

To incorporate emotional context, the recommendation process considers the emotional state identified
from the current journal entry. Emotional information influences candidate selection and ranking, enabling
the framework to recommend content that is more relevant to the user's present emotional condition.
Consequently, recommendations are influenced not only by long-term preferences but also by short-term
emotional needs and contextual circumstances.

After candidate retrieval, a ranking mechanism is applied to determine the most appropriate
recommendations. Although similarity-based ranking effectively identifies relevant content, it may produce
highly redundant recommendation lists containing semantically similar items. To improve diversity while
preserving relevance, the proposed framework employs Maximal Marginal Relevance (MMR) as a
reranking strategy.

The MMR score for a candidate item d; is computed as:

MMR(d;) = ASim(d;, U) — (1 — 2) max S im(d;, d;) -8
j

where Sim(d;, U) represents the similarity between the candidate item and the user profile,
Sim(di, dj) denotes the similarity between candidate items, S represents the set of already selected
recommendations, and A controls the trade-off between relevance and diversity.

The first term promotes candidates that closely match user interests and contextual preferences, while
the second term penalizes candidates that are overly similar to previously selected recommendations. This
ensures that the final recommendation list contains content that is both relevant and diverse, thereby
improving recommendation quality and user engagement.

The highest-ranked items produced through the MMR-based ranking process are presented to the user
as personalized recommendations. The framework supports multiple recommendation domains, including
books, music, podcasts, articles, and multimedia content. Furthermore, user interactions with recommended
items are continuously monitored and incorporated into the user profile representation. This feedback
mechanism enables the recommendation model to adapt to evolving user preferences and behavioral
patterns over time. By combining semantic similarity, emotional awareness, and diversity-aware ranking,
the recommendation module delivers personalized recommendations that support user engagement, self-
reflection, and personal growth.

6.7 Feedback and Adaption Mechanism

The effectiveness of personalized recommendation and behavioral analysis systems depends on their
ability to adapt to changing user preferences, emotional states, and behavioral patterns over time. Since
user interests and emotional experiences continuously evolve, a static user representation may gradually
become less effective in capturing the user's current needs. To address this challenge, the proposed
framework incorporates a feedback and adaptation mechanism that continuously updates user
representations using newly generated journal entries and user interaction data.

The adaptation process utilizes two primary sources of information. The first source consists of newly
submitted journal entries, which provide updated emotional, contextual, and behavioral information about
the user. The second source includes interaction signals generated through user engagement with
recommendations and insights. These signals may include recommendation selections, content
engagement, feedback responses, and interaction frequency. Together, these sources provide valuable
information regarding evolving user interests and preferences.

To maintain an up-to-date representation of the user, the framework continuously updates the user
profile vector using information extracted from newly generated journal embeddings. Let U, represent the
user profile at time t, and let J; denote the embedding generated from the latest journal entry. The updated
user representation is computed as:

Ut+1 = CZUt-l- (1—6!)],: DQD
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where o is a weighting factor that controls the influence of historical user information relative to newly
observed journal data. This update strategy preserves long-term user characteristics while allowing the
system to adapt to recent behavioral and emotional changes.

By continuously incorporating new journal information, the framework develops a longitudinal
understanding of user behavior. This enables the identification of emerging interests, changing emotional
patterns, evolving goals, and shifts in user preferences. Consequently, recommendations and behavioral
insights remain aligned with the user's current context while preserving historical continuity.

Furthermore, adaptation occurs not only at the recommendation level but also at the behavioral analysis
level. Newly identified behavioral patterns are integrated into the existing user profile, allowing the
framework to refine its understanding of recurring habits, emotional triggers, strengths, and challenges. As
additional journal entries become available, the generated insights become increasingly personalized and
representative of the user's long-term behavioral evolution.

Through continuous learning and profile refinement, the feedback and adaptation mechanism ensures
that the framework remains responsive to changing user needs. This capability enables the generation of
progressively more relevant insights and recommendations, thereby enhancing personalization, user
engagement, and the overall effectiveness of the intelligent journaling system.

VII. RESULTS AND DISCUSSION
7.1 Experimental Setup

The proposed framework was evaluated to assess the effectiveness of emotion recognition, behavioral
insight generation, and personalized recommendation components. The implementation utilized a fine-
tuned RoBERTa model for emotion recognition, a BART-based model for abstractive summarization, and
the all-mpnet-base-v2 Sentence Transformer for semantic embedding generation. Firestore was employed
for persistent storage of journal entries, emotional analyses, embeddings, user profiles, and generated
insights. The evaluation focused on measuring emotion classification performance and analyzing the
quality of generated behavioral insights and recommendations.

The emotion recognition module was configured to classify journal entries into seven emotional
categories: anger, disgust, fear, happiness, neutral, sadness, and surprise. Performance was evaluated using
Precision, Recall, and F1-Score metrics. Additionally, qualitative analysis was performed to assess the
relevance of generated insights and recommendations.

7.2 Emotion Recognition Performance

The emotion recognition module serves as the foundation of the proposed framework by identifying
emotional states from journal entries. To evaluate its performance, the fine-tuned ROBERTa model was
tested on a collection of journal entries representing diverse emotional expressions and contextual
situations.

TABLE Il. EMOTION RECOGNITION PERFORMANCE

Metric Score
Macro Precision 0.631
Macro Recall 0.607
Macro F1-Score 0.609
Micro F1-Score 0.850

The obtained results indicate that the model effectively captures dominant emotional patterns across
journal entries. The Micro F1-Score of 0.850 demonstrates strong overall classification capability, while
the Macro F1-Score of 0.609 suggests that certain emotion classes remain challenging due to overlapping
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emotional expressions and contextual ambiguity. Emotions such as fear and sadness frequently exhibited
semantic similarities, leading to occasional classification inconsistencies. Nevertheless, the model achieved
satisfactory performance for practical deployment within the proposed framework.

7.3 Behavioral Insight Generation Results

The behavioral insight generation module was evaluated through qualitative analysis of generated outputs.
By combining emotional information, contextual summaries, and semantic embeddings, the framework
successfully transformed raw journal content into structured behavioral observations.

The generated insights identified recurring emotional patterns, stress factors, motivational drivers,
productivity trends, and opportunities for self-improvement. For example, users who frequently expressed
anxiety regarding academic or professional responsibilities received insights highlighting recurring stress
triggers and recommendations for improved time management strategies. Similarly, users exhibiting
positive emotional trends received insights emphasizing behavioral strengths and consistent progress
toward personal goals.

The integration of emotional, contextual, and semantic representations enabled the framework to move
beyond simple sentiment analysis and provide higher-level behavioral interpretations that support user self-
reflection and personal development.

7.4 Personalized Recommendation Results

The recommendation module was evaluated based on relevance, contextual alignment, and
recommendation diversity. Candidate content items were initially retrieved using semantic similarity
between user profile embeddings and content embeddings. Subsequently, Maximal Marginal Relevance
(MMR) was applied to improve diversity while maintaining recommendation quality.

The generated recommendations demonstrated strong alignment with both long-term user interests and
current emotional states. Users expressing positive emotions frequently received recommendations
associated with productivity, learning, and self-development, whereas users exhibiting negative emotional
states received recommendations emphasizing emotional well-being, motivation, and stress management.

The incorporation of MMR-based reranking significantly reduced recommendation redundancy by
preventing multiple highly similar items from appearing simultaneously within the recommendation list.
Consequently, users were exposed to a broader range of relevant content while preserving personalization
quality.

7.5 Discussion

The experimental evaluation demonstrates the effectiveness of integrating emotion recognition, semantic
representation learning, behavioral insight generation, and recommendation mechanisms within a unified
intelligent journaling framework. The results indicate that transformer-based language models can
successfully capture emotional and contextual information from personal journal entries, enabling the
generation of meaningful insights and personalized recommendations.

A major strength of the proposed framework lies in its ability to combine multiple analytical perspectives.
Rather than relying solely on emotion classification, the system integrates contextual summaries, semantic
representations, historical behavioral patterns, and user preferences to develop a comprehensive
understanding of user experiences. This enables richer behavioral analysis and more adaptive
recommendation generation.

The recommendation component further enhances personalization through semantic similarity matching
and diversity-aware ranking using MMR. Additionally, the feedback-driven adaptation mechanism allows
user representations to evolve over time, ensuring that recommendations and insights remain aligned with
changing user preferences and emotional states.

Despite these promising results, several limitations remain. Emotion recognition performance may be
affected by ambiguous language and mixed emotional expressions. Recommendation quality may also
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depend on the availability of sufficient historical journal data, particularly during early system usage. Future
enhancements may include larger-scale evaluations, multimodal emotion analysis, reinforcement learning-
based personalization, and advanced large language model integration for deeper behavioral understanding.

VIIl. CONCLUSION

This paper presented an Al-powered framework for emotion recognition, behavioral insight generation,
and personalized recommendations using journal entries as the primary source of user information. The
proposed framework integrates transformer-based models for emotion detection, text summarization, and
semantic representation learning to transform unstructured journal content into meaningful and actionable
knowledge. By combining emotional analysis, contextual understanding, and behavioral pattern
identification, the system provides users with a deeper understanding of their experiences, habits, and
emotional well-being.

The framework employs a ROBERTa-based emotion recognition module to identify emotional states, a
BART-based summarization module to generate concise contextual representations, and a Sentence
Transformer embedding model to capture semantic relationships within journal content. These
representations are subsequently utilized to generate behavioral insights and personalized
recommendations through semantic similarity analysis and diversity-aware ranking using Maximal
Marginal Relevance (MMR). Furthermore, a feedback-driven adaptation mechanism continuously refines
user representations, enabling the system to adapt to evolving preferences and behavioral patterns over
time.

Experimental evaluation demonstrated the effectiveness of the proposed approach in capturing
emotional information and supporting meaningful behavioral analysis. The generated insights and
recommendations exhibited strong contextual relevance and personalization capabilities, highlighting the
potential of intelligent journaling systems to support self-reflection, personal growth, and informed
decision-making.

Overall, the proposed framework demonstrates how modern natural language processing and
recommendation techniques can be integrated within a unified intelligent journaling platform. By bridging
emotion recognition, behavioral understanding, and personalized content recommendation, the framework
contributes toward the development of more adaptive and user-centric digital well-being systems.
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