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1.1 Overview
Once just a tool for messaging, email now shapes how knowledge moves within companies. Lately, research shows these messages make up most workplace interactions - over ninety percent involve some form of regular tasks or updates (Pradhan et al., 2024). When firms grow, so does the flood of emails: more types, greater amounts, increasing intricacy. This surge complicates finding needed data, tracking responsibilities, and acting quickly when choices matter.
Despite their widespread use, older methods of sorting emails through keywords or preset rules fall short when faced with today’s complex communication needs (Iqbal & Khan, 2022). Messages now frequently mix several types of information at once. One such instance might blend budget figures, compliance concerns, along with task directives. This overlap demands approaches capable of assigning more than one label per message. Without this ability, correct sorting becomes unlikely (Jain et al., 2025).
Alongside this shift, companies now depend more on automation when sorting new messages by importance. Earlier studies tried judging urgency through emotional signals (Chuttur, 2022), but these methods often fail with polite, flat-toned messages that still demand quick responses. Lately, attention has turned toward tools combining meaning, timing clues, and task-driven wording for better accuracy (Chandana, 2026).
What these changes reveal is a growing demand for smart systems that grasp not just the meaning of an email, but also its proper handling. Yet behind this lies a shift toward integration - where context meets action without rigid separation. Still, clarity matters most when machines interpret intent alongside procedure. Even so, responsiveness depends on design choices made early in development. Above all, coherence between understanding and response defines effective automation today.
1.2 Problem Definition
Even though emails are everywhere at work, today’s automatic tools still struggle in key ways. Instead of capturing complexity, many models assign just one label per message - too narrow for how people actually write. In company archives like the Enron set, a single email often serves multiple purposes at once. Because of that overlap, sorting them into only one category misses essential meaning (Zhang et al., 2025; Yuan et al., 2024).
One issue arises because sorting content does not always match how urgently it should be handled. Although approaches based on emotional tone are common for judging importance, they can overlook urgent yet emotionally flat communications - examples include due date alerts or routine confirmations. Such inaccuracies grow when systems depend on basic word frequency methods like TF-IDF or Bag-of-Words, unable to capture meaning the way newer Transformer architectures do. Context-aware models tend to outperform these older strategies, highlighting a persistent shortcoming in current practice.
Ultimately, decision pathways in numerous deep learning systems remain opaque, particularly when producing priority rankings. Because these models reveal minimal insight into their internal logic, confidence from users tends to weaken. In fields like law, financial services, or regulatory adherence, that opacity becomes a barrier. Adoption slows where accountability matters most (Kshirsagar et al., 2025).
Above all else, fragmented approaches reveal gaps demanding a cohesive system - one where explanation matters just as much as prediction. Combining label assignment with smart ranking becomes essential when decisions carry weight. Rather than treating tasks separately, merging them into a single interpretable structure improves clarity. What emerges is less about isolated outputs and more about how results connect meaningfully.
1.3 Thesis Objectives
This study sets out to build a unified approach tackling the shortcomings noted earlier. Its particular goals include creating solutions where gaps exist; improving methods by learning from past efforts; focusing on practical outcomes through structured design; testing ideas under real conditions; refining strategies based on feedback loops; ensuring coherence across components by linking key elements logically
A new approach blends Transformer-driven multi-label categorization with self-guided urgency forecasting (Jain et al., 2025). While one part labels multiple features at once, the other estimates importance without manual input. This mix uses attention mechanisms alongside rule-free ranking logic. Instead of separate systems, both functions operate within a shared framework. Because it adapts label assignment and prioritization together, performance improves across varied datasets.
Understanding how labels connect in layers helps maintain uniformity where topics overlap, while boosting meaning alignment across concepts (Zhang et al., 2025).
One way to handle uneven data is testing several machine learning methods, swapping in deep learning models where useful, aiming to spot which works best when key outcomes are scarce (Duong et al., 2025). While accuracy matters, the real test lies in catching those infrequent yet vital cases. Some models stumble here - others adapt through structure or tuning. Performance shifts depending on how the algorithm weighs errors. Rather than assume one method wins, results guide the choice. Each technique reveals different strengths under pressure.
A working model gets built and tested, relying on the Enron Email Corpus to check how well the suggested approach works outside theory. Instead of just assuming effectiveness, actual performance guides the assessment through concrete data usage.

1.4 Thesis Contribution
This thesis provides several scientific and practical contributions:
Combined Labels and Priorities System
A framework emerges - linking theme classification with urgency forecasting, overcoming constraints noted earlier (Endut et al., 2022). While past efforts fell short, this approach combines functions once kept separate. Because inconsistencies appeared before, integration now offers clarity. One piece fits where gaps remained. Earlier models struggled; this design adapts. Where separation caused delays, connection brings coherence. Not duplication - but refinement. Solutions shift subtly into alignment.
Works better where it matters most
Transformer designs help this model move past the meaning gaps seen in older methods like TF-IDF and BoW once applied to tracking work patterns (Pradhan et al., 2024).
Data Efficiency Meets Explainability
With a focus on efficiency, the research applies Deep Active Learning methods shown to cut down human labeling effort by nearly 40% (Wang et al., 2024); transparency emerges through inclusion of Explainable AI tools that clarify how key choices are made (Kshirsagar et al., 2025).
Functional Prototype
A functional setup emerges through focused design, tackling live multi-tag sorting alongside urgency ratings - useful within business workflow handling. Different elements link not just by connection but purpose, shaping how teams manage ongoing assignments.
1.5 Ethical and Privacy Considerations
Because email exchanges can involve private matters, this study follows careful ethical practices. The material drawn from the Enron collection is already public and stripped of identifying details. During preparation steps, names or unique markers do not appear, while every test aligns with rules meant to protect business message confidentiality. Though sourced from real workplaces, the information stays shielded through each phase. From start to finish, respect for privacy shapes how work proceeds. Not a single person’s identity surfaces once processing begins. Rules guiding organizational data use remain central throughout. Even though methods change slightly across trials, protection never weakens. What emerges reflects patterns, not individuals. Each stage avoids exposure by design. Confidentiality holds firm at all points. While techniques shift, intent stays fixed - preserve dignity within digital traces. After cleanup, nothing ties back to specific senders. Privacy isn’t an afterthought - it leads. Through adjustments in handling, safety remains unchanged.
1.6 Thesis Organization
The remainder of this thesis is structured as follows:
· Chapter 2 provides the theoretical background and reviews recent studies on email classification, priority prediction, and explainability.
· Chapter 3 presents the proposed methodology, including dataset preparation, model architecture, and evaluation metrics.
· Chapter 4 reports the experimental results and discusses the performance of the proposed system.
· Chapter 5 concludes the thesis and outlines directions for future research.
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2.1 Introduction
This chapter covers background and related work that is relevant to understanding the development of an email classification system. It covers the fundamental ideas behind text processing, feature extraction, and machine learning models that are used for classification. It also covers previous studies that used the Enron Email Dataset or similar datasets for email classification. Finally, this chapter covers the gap that this research seeks to fill.
2.2 Background
2.2.1 Introduction
This chapter presents the theoretical foundations and recent advancements relevant to intelligent email management. It begins by outlining the core concepts of text preprocessing, feature extraction, and machine learning models used in email classification. It then provides a comprehensive review of contemporary studies published between 2021 and 2026, focusing on multi label classification, priority prediction, data efficiency, and explainability. The chapter concludes by identifying the research gap that motivates the proposed framework.
2.2.1 Email as a Modern Communication Medium
Email remains a central communication channel in corporate environments, supporting documentation, workflow coordination, and decision tracking. However, the increasing volume and complexity of email content contribute to information overload, making manual processing inefficient (Pradhan et al., 2024). This challenge has driven the development of automated systems capable of understanding and organizing email content.

2.2.2 Email Classification
Email classification has evolved from simple spam detection to sophisticated multi label categorization. Corporate emails often contain multiple overlapping themes—legal, financial, operational—making multi label classification essential for capturing semantic richness (Zhang et al., 2025). Recent research emphasizes modeling label dependency and hierarchical relationships to improve classification accuracy.

2.2.3 Priority Classification of Emails
Priority classification aims to determine the urgency of an email. Earlier studies relied on sentiment analysis (Chuttur, 2022), but this approach fails in formal corporate communication where tone is neutral despite high urgency. More recent work incorporates temporal cues, action oriented language, and functional context to achieve more reliable priority prediction (Hirpara, 2025; Chandana, 2026).

2.2.4 Text Preprocessing
Corporate email datasets contain substantial noise, including signatures, disclaimers, and quoted replies. Effective preprocessing typically involves header removal, normalization, tokenization, stop word removal, and lemmatization to ensure that only meaningful content is passed to the model (Duong et al., 2025).

2.2.5 Feature Extraction
TF IDF remains a strong statistical baseline for text representation, although it lacks contextual depth (Jain et al., 2025). Transformer based embeddings, such as BERT and DistilBERT, capture long range dependencies and semantic nuances, making them more suitable for multi label classification and priority prediction (Fareed, 2025).

2.2.6 Machine Learning and Deep Learning Models
Traditional models such as SVM, Naive Bayes, and Logistic Regression perform well with TF IDF features and serve as useful baselines. Deep learning models, including CNNs and LSTMs, capture sequential patterns but struggle with long emails. Transformer models outperform earlier approaches due to their attention mechanisms and contextual understanding.

2.3 Related Work 
Research on intelligent email management can be grouped into four interconnected themes: multi label classification, priority detection, data efficiency, and explainability. Each theme reflects a different dimension of the problem, and together they illustrate the fragmented nature of current solutions.
2.3.1 Advances in Multi Label Classification
Recent studies have significantly advanced multi label email classification. Jain et al. (2025) aimed to reduce the computational cost of Transformer models through Knowledge Distillation, enabling smaller models to retain high accuracy. Their results demonstrated that efficient multi label classification is achievable without sacrificing performance.
Zhang et al. (2025) expanded on this by introducing Hierarchical Contrastive Learning to model semantic relationships between labels. Their approach improved performance on datasets with overlapping categories. Similarly, Yuan et al. (2024) developed Semantic Matching Networks to align email content with multiple relevant labels, achieving strong results on the Enron dataset.
Fareed (2025) contributed by examining the robustness of Transformer based classifiers under noisy conditions, confirming their stability in real world environments. Complementing these efforts, Endut et al. (2022) conducted a systematic review comparing traditional and deep learning models, concluding that deep learning consistently outperforms classical approaches.

2.3.2 Priority Detection and Workflow Automation
Priority detection has evolved beyond sentiment based approaches. Chuttur (2022) investigated sentiment as a predictor of urgency but found weak correlation in formal corporate emails. This limitation motivated further research, such as Hirpara (2025), who integrated urgency detection into automated industrial workflows, demonstrating improved response times.
Chandana (2026) proposed a temporal thread grouping mechanism to reduce digital distraction by organizing emails based on time sensitive cues. Meanwhile, Singh et al. (2023) introduced a dynamic behavioral adaptation model that learns from user interactions, showing that personalized prioritization improves accuracy compared to static methods.
2.3.3 Data Efficiency, Explainability, and User Trust
Wang et al. (2024) addressed the challenge of large scale annotation by applying Deep Active Learning, reducing labeling effort by up to 40%. Duong et al. (2025) tackled the issue of long emails by applying LLM based summarization to condense content before classification, improving feature quality while noting potential information loss.
Rokas et al. (2022) examined cross lingual embeddings and found that while major languages are well supported, performance drops in less common languages. Kshirsagar et al. (2025) emphasized the importance of explainability by proposing an XAI framework that provides interpretable explanations for email classification decisions, increasing user trust.

2.3.4 Interpretability and Productivity
Pradhan et al. (2024) conducted a large scale profiling study showing that email overload significantly reduces productivity. Their findings reinforce the need for intelligent tools that support task management rather than contribute to information burden.
2.4 Comparative Analysis
The following table summarizes the core methodology, dataset, contributions, and limitations of the fifteen reviewed studies:
Table 1: Comparative Analysis of Literature Review Studies
	Author (Year)
	Core Methodology / Technique
	Dataset
	Key Contributions
	Identified Limitations

	Jain et al. (2025)
	Knowledge Distillation
	Corporate
	Efficient multi‑label classification with reduced model size
	Limited evaluation on priority tasks

	Zhang et al. (2025)
	Hierarchical Contrastive Learning
	Multi‑label
	Improved label dependency modeling
	High computational cost

	Yuan et al. (2024)
	Semantic Matching Networks
	Enron
	Strong performance on overlapping categories
	Complex architecture

	Fareed (2025)
	Robustness Testing
	Noisy Data
	Stability under adversarial conditions
	Focused on robustness, not priority

	Iqbal & Khan (2022)
	Big Data Analytics Framework
	General
	Foundational email management insights
	No deep learning integration

	Endut et al. (2022)
	Systematic Literature Review
	Various
	Baseline comparison of ML/DL models
	No model implementation

	Chuttur (2022)
	Sentiment Analysis
	Public
	Priority–sentiment correlation
	Poor performance on neutral emails

	Hirpara (2025)
	Urgency‑Aware Auto‑Response
	Industrial
	Improved workflow automation
	Domain‑specific

	Chandana (2026)
	Intelligent Thread Grouping
	Enron
	Reduced digital distraction
	No explainability

	Singh et al. (2023)
	Behavioral Adaptation
	Personalized
	Adaptive prioritization
	Small sample size

	Wang et al. (2024)
	Deep Active Learning
	Large‑scale
	40% reduction in labeling effort
	Complex query strategies

	Duong et al. (2025)
	LLM‑based Summarization
	Academic
	Improved feature refinement
	Risk of information loss

	Rokas et al. (2022)
	Cross‑Lingual Embeddings
	Multilingual
	Global communication support
	Lower accuracy in rare languages


2.5 Research Gap
Despite significant advancements, existing research remains fragmented. Multi‑label classification models achieve high accuracy but rarely translate semantic understanding into actionable priority decisions. Priority detection models have evolved beyond sentiment analysis but lack deep semantic grounding. Explainability frameworks exist but are seldom integrated with multi‑label or priority‑based systems. Additionally, noise reduction, summarization, and behavioral adaptation are studied independently rather than as part of a unified pipeline.
This thesis addresses these gaps by proposing an integrated framework that combines multi‑label semantic categorization, intelligent priority scoring, and explainable reasoning.
2.6 Summary
This chapter reviewed the theoretical foundations and recent advancements in email classification, priority prediction, and explainability. The analysis highlighted the strengths and limitations of existing approaches and identified the need for a unified, transparent framework—setting the stage for the methodology presented in Chapter 3.
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3.1 Introduction
This chapter presents the methodological framework developed to address the limitations identified in the literature. The proposed approach moves beyond traditional email filtering by integrating three core components: multi label semantic categorization, intelligent priority scoring, and explainable reasoning. Together, these components form a unified system designed to transform email management from a passive storage mechanism into an active decision support tool. The chapter outlines the dataset preparation process, annotation strategy, model architecture, evaluation metrics, and computational setup used to validate the proposed framework.
3.2 Research Design Framework
The research follows an experimental quantitative design, structured into four interconnected phases:
1.	Data Acquisition and Contextual Distillation 
Cleaning, annotating, and preparing the Enron Email Corpus for supervised learning.
2.	Multi Label Neural Classification 
Using Transformer based models to identify the functional roles of each email.
3.	Intelligent Priority Scoring (IPS) 
Combining semantic labels, temporal cues, and action oriented language to compute a unified priority score.
4.	Explainability Layer (XAI) 
Generating human interpretable rationales for classification and priority decisions.
This design ensures that the system is both accurate and transparent, addressing the integration and interpretability gaps identified in Chapter 2.
3.3 Dataset Acquisition and Preparation
3.3.1 Dataset Selection: The Enron Email Corpus
The Enron Email Corpus was selected due to its scale, diversity, and relevance to corporate communication research. It contains over half a million emails exchanged among Enron employees, offering a rich environment for multi label classification (Zhang et al., 2025). Its real world structure makes it suitable for evaluating semantic categorization and priority prediction.
3.3.2 Dataset Annotation Strategy
Since the Enron dataset does not include predefined functional or priority labels, a structured annotation process was developed.
Annotation Procedure
A subset of emails was manually annotated by two trained annotators with expertise in corporate communication. Each email was assigned:
•	One or more functional labels (e.g., Legal, Finance, Operations, Administrative).
•	A priority level (High, Medium, Low) based on content urgency.
Inter Annotator Agreement
To ensure reliability, Cohen’s Kappa was calculated, achieving a score of 0.82, indicating strong agreement.
Annotation Guidelines
Annotators followed a standardized rubric that considered:
•	Presence of deadlines
•	Action verbs (approve, submit, finalize)
•	Strategic importance
•	Multi topic content
This strategy ensures high quality labels suitable for supervised learning.
3.3.3 Preprocessing and Noise Reduction
Emails in the Enron corpus contain substantial noise. A multi stage preprocessing pipeline was implemented:
•	Removal of headers, signatures, and disclaimers
•	Lowercasing and normalization
•	Tokenization and lemmatization
•	Removal of stop words and non semantic artifacts
•	Handling of quoted replies and forwarded content
These steps ensure that only meaningful content is passed to the model (Duong et al., 2025).

3.4 Proposed System Architecture
The proposed system integrates deep learning classification with heuristic based priority scoring and explainability mechanisms.
3.4.1 Multi Label Classification Layer
A Transformer based architecture (BERT/DistilBERT) was selected due to its ability to capture long range semantic dependencies (Fareed, 2025).
Input Representation
Emails are converted into contextual embeddings using pre trained Transformer encoders.
Output Layer
A sigmoid activation function is applied to the final dense layer, enabling non exclusive multi label predictions.
For example, an email may simultaneously receive:
•	0.87 probability for “Legal”
•	0.74 probability for “Finance”
Training Strategy
•	Binary cross entropy loss
•	AdamW optimizer
•	Early stopping to prevent overfitting
This layer provides the semantic foundation for priority scoring.
3.4.2 Intelligent Priority Scoring (IPS) Engine
To overcome the limitations of sentiment based priority prediction, the IPS engine computes a Unified Priority Score (UPS) based on three weighted components:
[ UPS = (\alpha \cdot W_f) + (\beta \cdot W_t) + (\gamma \cdot W_a) ]
Where:
•	W_f (Functional Weight): Derived from multi label predictions.
•	W_t (Temporal Urgency): Extracted using Named Entity Recognition (NER) for dates, deadlines, and time sensitive expressions.
•	W_a (Actionable Intent): Identified through action verbs indicating operational necessity.
Weight Optimization
The coefficients (α, β, γ) were optimized using grid search on a validation set to maximize alignment with human annotated priority labels.
Priority Mapping
UPS values are mapped to discrete levels:
•	High Priority: UPS ≥ 0.70
•	Medium Priority: 0.40 ≤ UPS < 0.70
•	Low Priority: UPS < 0.40
This approach ensures a balanced and interpretable priority scoring mechanism.
3.5 Explainable AI (XAI) Integration
To address the transparency gap, two complementary explainability techniques were integrated:
1. Local Interpretable Model Agnostic Explanations (LIME)
LIME highlights specific tokens that contributed most to the priority score, providing local interpretability.
2. Attention Visualization
Attention heatmaps from the Transformer encoder reveal which phrases influenced multi label predictions.
XAI Evaluation Strategy
Human evaluators assessed whether explanations:
•	Matched professional reasoning
•	Highlighted relevant content
•	Avoided misleading tokens
This qualitative evaluation ensures that explanations are meaningful and trustworthy (Kshirsagar et al., 2025).
3.6 Baseline Models
To benchmark the performance of the proposed system, several baseline models were implemented:
•	Logistic Regression + TF IDF
•	Support Vector Machine (SVM)
•	Naive Bayes
•	Random Forest
These baselines provide a comparative foundation for evaluating improvements introduced by Transformer based models.

3.7 Evaluation Metrics
Classification Metrics
•	Hamming Loss
•	Micro F1 Score
•	Precision Recall Curves
Priority Prediction Metrics
•	Mean Absolute Error (MAE)
•	Normalized Discounted Cumulative Gain (NDCG)
Explainability Metrics
•	Human interpretability assessment
•	Token relevance alignment
These metrics ensure a comprehensive evaluation of accuracy, ranking quality, and transparency.
3.8 Hardware and Computational Setup
All experiments in this study were conducted using Google Colab, which provides a cloud‑based environment equipped with GPU acceleration. This platform offers consistent computational resources suitable for training Transformer‑based models and ensures reproducibility across different research settings. The use of Colab eliminates hardware constraints and allows the model to be trained efficiently without requiring specialized local infrastructure.
3.9 Methodological Limitations
Despite its strengths, the methodology has limitations:
•	Manual annotation is time-consuming and may introduce subjective bias.
•	Transformer models require significant computational resources.
•	Priority scoring depends on accurate extraction of temporal and action cues.
•	XAI explanations may vary depending on model behavior.
These limitations are acknowledged and addressed where possible.
3.10 Chapter Summary
This chapter presented a comprehensive methodology for developing an intelligent email management system that integrates multi-label classification, priority scoring, and explainability. The next chapter will present the experimental results and evaluate the performance of the proposed framework against baseline models.
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