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1. Introduction

With the widespread amount of digital information across diverse resources like research papers, academic repositories,
policy reports, online articles, blogs, and other knowledge bases, users are overwhelmed by the volume of information.
There is a need for automatic text summarization from one or multiple documents to reduce information overload.
Nowadays, readers don’t have enough time to read the whole document and extract valuable information out of it;
instead, they require a system that can generate a summary valuable to the user. Most existing summarization
techniques are user-agnostic, producing the same summary regardless of individual user needs, which highlights the
varying ways users prefer to consume content. Users seek different information from documents based on their desired
roles, such as researchers, educators, and students in the research domain, or managers, policy makers, and analysts in
the policy and legal domain, depending on various real-world scenarios and application contexts. Each user with a
different role seeks a different perspective on the same document. This motivates the need to implement a personalized
summarization module that can summarize the documents based on the users’ roles.

Traditional summarization systems, including both extractive and abstractive, summarize the text irrespective of the
users’ role. Li and Chaturvedi [1] highlighted the importance of reader’s personalization for multi-document
summarization. For example, a medical report can be summarized differently for a patient and doctor, where the
summarized medical report comprises medical terms for the doctor, whereas a simple summary is for a patient. The
shortcoming in all existing summarization models is that they consider the same priority of the reader, i.e., one
summary can fulfill every user's needs. This provides the basis to work on role-aware personalization.

Role-aware summarization summarizes the document according to the user’s background, expertise, and intent. The
system utilizes a user log and creates a user profile that records their occupation, goals, intention, and expertise. When
a summary is needed, the system generates a document summary tailored to the user. Veningston et al. [2] highlighted
personalized multi-document summarization, where the authors integrated the preferences of users with their reading
logs, which are utilized by the Al model to rank the content of each user. Fendji et al. [3] integrated the concepts of
both extractive and abstractive methods to produce user-oriented summaries.
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With the widespread increase in online data available, it is very difficult to filter out the relevant and easy-to-understand
information. Zhang et al. [4] succinctly summarized their review on text summarization using LLMs, finding that even
a high-quality summarization Al does not effectively address personalization. The research produced cohesive
summaries of the content, but it did not consider the needs of individual readers. The resulted document is either too
technical, too vapid, or simply not relevant.

The “how” is achieved through the integration of natural language processing (NLP), deep learning, and user modeling.
In practice, the system first creates a structured user model: for instance, a researcher may have “technical depth: high”
and “goal: data insights," while a policymaker may be characterized by “technical depth: medium” and “goal:
understanding implications." When a document is to be summarized, the model (which is often based on transformer-
based architectures, as in Roy and Mercer [5] analyses in part, document summarization in a scientific context and uses
both content and user models to produce a relevant summary. The EROS framework by Singh et al. [6] provides
another aspect: it illustrates how the control of entity coverage (such as "Data," "Usage," and “Target”) in policy
document summaries ensures that essential information is available for particular purposes, e.g., privacy officers/end-
users.

The motivation to do this study arises from a gap in existing summarization types, where most systems focus only on
analyzing content and do not take reader comprehension into account. Understanding is always contextual in the real
world. For example, Zaman et al. [7] present simplification-aware summarization to make scientific texts more
accessible for non-experts, which shows the importance of contextualization and, thus, the adaptation to the audience's
capacity. Yet, these attempts often stop with highly readable texts and do not explore the avenue of personalization.
This study aims to develop a system that closes that gap by combining role-aware user profiling with modern
summarization models.

2. Literature Review

This section discusses key research papers focused on document summarization, and Table 1 highlights the
methodologies used for summarization techniques, along with their key findings and tools.

Table 1: Significant research findings on document summarization

Tools / Models /

signals.

topics) are essential.

Authors Goal / Target Methodology Key Findings Shortcomings Datasets Used
Annotated ;
Create a user- || personalized Lelz_r,s\g?]alizati(\;\;:thom Focuses on the || PersonalSum
subjective dataset || summaries reflect P . dataset, not a || dataset, LLM
Zhang et al. [8] - - struggle;  personal N
for personalized || diverse reader needs sianals (entities personalization || few-shot
summarization. and explore user g " || model. evaluation.

Improve . PerSEval better || Only
. The designed L .
evaluation . reflects evaluation; no || PerSEval metric,
- PerSEval metric .
Dasgupta et al. [9] metrics for - personalization than || new PENS
. correlated with . .
personalized human iudaments accuracy metrics || summarizer benchmark.
summarization. Judg ' like ROUGE. model.
Propose new Standard metrics
pose miss |l PENS dataset,
personalization Developed the R Early approach; L
. . personalization; . summarization
Vansh et al. [10] evaluation EGISES metric and not widely
- - EGISES better models for
metrics benchmarking. adopted yet. -
captures user testing.
(EGISES). ;
differences.
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Authors Goal / Target Methodology Key Findings Shortcomings

Tools / Models /
Datasets Used

More of a

Build a practical system/demo, || GPT-4

personalized LLM + user survey

Improved relevance

Kolagar & Zarcone [19] P for personalization in e not core || LangChain,
summarization for specific users. R )
tool for education the UL glgorlth_mlc Streamlit UI.

' innovation.

3. Research Gap with Aligned Research Objectives

3.1 Research Gap

From the above-discussed literature review, this section discusses the systematic research gaps that open new avenues
for producing the systematic research objectives:

Gap 1: Limited Use of Role-Aware User Modelling: Most personalization approaches utilize topic/entity
preferences, feedback loops, and intent-aware summarization. With these methods, the user roles are either assumed
or ignored. Currently, role-playing LLM approaches exist, but they do not maintain role persistence. Thus, there is no
unified framework that summarizes the documents by integrating user role, preferences, and intent together.

Gap 2: Weak Personalization in LLM-Based Summarization: LLMs help generate generalized summaries of
documents very fluently but could not give role-specific summaries. One must engage in prompt engineering to achieve
the desired results. The gap is the absence of a structured, role-aware mechanism without prompting.

Gap 3: Lack of End-to-End Personalized Summarization Frameworks: Since existing work focuses on
components such as creating datasets, evaluation metrics, and approaches for extracting preferences. There is no
unified end-to-end pipeline that implements a framework integrating context-aware roles, preferences extraction, and
evaluating personalized summaries.

Gap 4: Evaluation Metrics Do Not Fully Capture Role Alignment: In existing research, PerSEval [20] improves
the performance of personalization but does not measure the role of relevance. Along with this, ROUGE/BERT Score
also fails to assess whether the summary suits the user’s role. Thus, there is a lack of role-oriented evaluation metrics.

Gap 5: Limited Role Generalization Across Domains: Nowadays most of the studies are domain-specific, such as
education, science, and policy, with role behavior not being tested across domains. Thus, there is no such study focused
on cross-domain role generalization.

3.2 Proposed Research Objectives

Based on the above-identified research gaps, the following are the research objectives proposed:

RO1: To design and validate a role-aware personalized document summarization framework that integrates explicit
user roles, preferences, and intent to generate summaries aligned with individual user needs.

RO2: To model different user roles (e.g., student, researcher, policymaker, general reader) and analyze their influence
on summary content selection, granularity, and tone.

RO3: To propose an end-to-end architecture for personalized summarization that combines role-aware user profiling,
preference extraction, and LLM-based summary generation

RO4: To develop a role-conditioned summarization mechanism that ensures role alignment during abstractive
summary generation beyond prompt-based methods.

RO5: To evaluate the proposed framework using personalization-aware and role-specific evaluation metrics.

ROG6: To compare role-aware personalized summaries against generic summaries, preference-only personalized
summaries, and prompt-based role-playing summaries
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RO7: To assess the robustness and transferability of role-aware personalization across multiple document domains
(e.g., scientific, educational, and policy).

4. Proposed Work

Existing document summarization techniques are afflicted with limitations such as (i) (i) personalization according to
keywords or prompts, (ii) summaries not updated according to users’ needs, and (iii) lack of user role modelling. These
limitations reduce the efficacy of summaries depending on stakeholders with diverse needs and expertise. To address
these limitations, this section proposes a role-enhanced personalized document summarization framework that
generates summaries according to the users’ needs, preferences, demands, and expertise. The proposed summarization
framework incorporates user roles as a core component, which takes single and multiple documents as an input and
generates a personalized role-enhanced summary.

The framework integrates user profiles with transformer-based summarization modules, which dynamically update the
users’ interests and expertise and generate distinct summaries for users. For example, a research paper plays a distinct
and significant role for a researcher, undergraduate, and teacher. Similarly, a medical report plays a different role for
the doctor, researcher, and patient. Each user profile is represented by the following components:

e  User role, which describes the intent of each user depending on his/her role.
e Domain Expertise Level, which depicts the users’ expertise in particular domains.

e Preferences in summarized content comprise the length of the summary generated with topic focus and the
level of abstraction required in generating the summaries.

e Personalized logs, which help in adaptive personalization.

These components are included as attributes in the user profile vector, which helps in generating the correct summary
content from the documents. This integration of user roles into the summarization framework helps generate relevant
summaries from the documents adapted to the users’ needs.

5. Architecture of the Proposed Work

This section discusses the architectural flow of the proposed framework and the workings of different modules in the
framework. The framework comprises and integrates document preprocessing, semantic content representation, role-
aware user profiling, role-based content scoring, and personalized summary generation, followed by feedback-driven
adaptation. Figure 1 depicts the architecture diagram of the framework.

Input layer

Documents (Single / Multiple)
in formats: PDF/doc/docx/tet

l

Document Pre-Processing Layer

Text normalization, paragraph
segmentation, stop-word
removal, named entity
recognition, keywords and topic
exiraction

Personalized Summarization

Summary output

Content Representation Layer Role-Aware User Profiling Module e e e Engine
Sentence Embeddings, Section . Prg;ferﬂ’g':s E:Dpﬁ:frﬁém 3 Final Score (si) = ¢1 * .|  Exiractive, Abstractive and Fersonaliced
Segregation, Semantic Similarity eyt Role- relevance score + c2 * Ranked  Hybrid Summarization with
Modelling content; Fersonaiezzmon tser Aware RoleWeight + c3 * preference and user role integration
logs Profile matching Filtered
Vector Conten

Fig. 1: Architectural Flow Diagram of Proposed Summarization Framework

Module-Wise Description of the Proposed Architecture

5.1 Input Layer:



International Journal of Data Processing & Networking
Issue No. 1, Volume No. 2, October 2026
ISSN - 3108-0022

The input layer is capable of gathering the documents from different heterogeneous sources. The framework is adapted
to support both single-document and multi-document. These documents can be in different formats, such as PDF, doc,
docx, and txt. This framework can be adapted across diverse applications such as academics, policy analysis,
enterprises, medical ports, and so on.

5.2 Document Pre-processing Layer:

The document preprocessing layer processes the raw documents and transforms them into a clean and structured
representation. This comprises several NLP tasks such as text cleaning, normalization, paragraph segmentation, stop-
word removal, Named Entity Recognition (NER), and keyphrase and topic extraction. These NLP tasks help annotate
the documents, which further enables content- and role-based representation.

5.3 Content Representation Layer:

This layer converts the pre-processed documents into semantic vector representations. This layer utilizes transformer-
based embedding models to convert into sentence-level embeddings. The structured semantic representation identifies
the topic relevance of documents and helps to identify the personalization and section focus.

5.4 Role-Aware User Profiling Module:

This module of the framework models the individual characteristics of users to ingest personalized document
summarization. The role-aware user profile comprises (1) users’ role with capturing their intent and need, (2) domain
expertise, which captures the users’ familiarity and expertise in the particular domain, (3) preferences of the content of
the document, capturing the length of the summary and their content focus, and (4) personalized logs to ensure the
adaptive user's personalization. These features are integrated into the user profile to produce a role-aware profile vector,
which integrates the scoring of document content with personalized summary generation.

5.5 Role-Based Content Scoring Layer:

This layer helps to evaluate, score, and rank the segmented documents based on their relevance to the users’ needs. A
composite score of the summarized document is calculated by integrating semantic document relevancy, users’ role
alignment, and matching users’ preferences. A weighted score depicts the dynamically adjusted summary according to
the user's needs and preferences, which results in adaptive, fine-grained, personalized document summaries.

Score(s) = a-Relevance(s) + B-RoleAlignment(s) + y-PreferenceMatch(s) @
5.6 Personalized Summarization Engine:

This engine helps generate the final personalized summary by utilizing extractive, abstractive, and hybrid
summarization techniques [21]. Further, the engine integrates the users’ role and their preferences to generate a focused
summary with granularity of the user's needs.

5.7 Personalized Summary Output Layer:

This module helps in producing the role-enhanced document summary, which ensures that the content of the document
is correctly aligned with the users’ objectives and preferences and adheres to the desired segment length with different
abstraction levels. The output is shown through dashboards and decision-support systems.

6. Algorithm for Role-Aware Personalized Document Summarization

This section discusses the detailed step-by-step algorithm as in Algorithm 1, used for implementing the role-enhanced
personalized document summarization framework.

Algorithm 1: Role-Aware Personalized Document Summarization

Input:
D ={d1, d2, ...,dn} // Input documents



U = {role, expertise, preferences, history} // User profile

L = desired summary length

Output:

S = Personalized summary

Steps:

1.

7.

Preprocess documents D
- Clean text

- Segment sentences

- Extract entities and keyphrases

. Generate semantic embeddings for each sentence si € D.

. Construct Role-Aware Profile Vector (RAPV) from U

. For each sentence, si:

- Compute relevance score R(si)

- Compute role alignment score RA(si, RAPV)

- Compute preference match score PM(si, RAPV)
- FinalScore(si) = aR(si) + BRA(sI) + yPM(si)

. Rank sentences based on final score.

. Select top-k sentences according to summary length L.

. Generate summary S using:

- Extractive / Abstractive / Hybrid model

- Inject role-aware control signals

. Collect user feedback and update RAPV.

. Return personalized summary S
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Application-Oriented Mapping of Role-Aware Personalized Document Summarization Framework

This section discusses in detail different applications and use cases where this framework can be introduced to enhance
the efficiency of the summarized documents. Table 2 describes different application domains.

Table 2: Application-oriented mapping of personalized document summarization
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Application / Use Recommended Recommended Tools / -

Case User Roles Datasets Models Summarization Strategy
Academic & || Undergraduate, . SciBERT, SBERT, || Hybrid (extractive +
Research Postgraduate, Pu_bMed, CL-SciSumm, PEGASUS, BART-Large, || abstractive), section-aware

. SciSummNet [22] . L
Documents Researcher, Reviewer SciSpaCy. summarization
Education & E- || Student, Instructor, || CNN/Daily Mail, XSum, || T5 (Base/Large), KeyBERT, ﬁ?ns'[:?fﬁge\(t?on-aware with
Learning Curriculum Designer S20RC [23] Readability metrics (FKGL) phiticatic
summarization
Healthcare & || Clinician, Researcher, || PubMed, MEDIQA-Sum EéogngS C“m(cr{:f:jlizcir)-’ Extractive  for  clinicians;
Clinical Documents || Patient, Administrator || [24], MIMIC-I1I . ' || abstractive for patients
SciSpaCy
Policy, Legal & || Policymaker, Legal . Long-T5, Longformer- . .
GovReport, BillSum Entity-driven, controlled
Government Expert, Analyst, [25], EUR-LEX Encoder-Decoder, NER || tractive + abstractive
Documents Citizen pipelines
Corporate . . . .
Knowledge Executive, Manager, || AMI Meeting Corpus, BART, T5, BERTopic Toplc-fo_cus_ed hybrid
Engineer Multi-News summarization
Management
. Journalist, Analyst, || CNN/Daily Mail, Multi- || BART-CNN, event || Fact-preserving abstractive
News & Media - . . o
General Reader News, Newsroom extraction, sentiment analysis || summarization
. . Moderator, Reddit TIFU [26], Multi- || Dialogue-T5, PEGASUS- T .
Soc!al Media . .& Community Member, || Dialog, Twitter/X || Dialog, and stance detection Oplnlon_ aware and  dialogue
Online Communities summarization
Researcher datasets tools

8. Analysis of Existing Document Summarization Systems vs. Proposed Framework

This section compares the proposed framework with the existing document summarizers. Table 3 compares the
personalized document summarizer with the existing summarizer.

Table 3: Comparative Analysis of Proposed Document Summarizer with existing summarizations

Comparison
Dimension

Existing Document Summarization

Systems

Proposed Role-Aware Personalized
Summarization Framework

User Modeling

No explicit user modeling or shallow
preference-based profiles

expertise level, and intent

Explicit role-aware user profiles incorporating role,
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Comparison
Dimension

Existing Document Summarization
Systems

Proposed Role-Aware Personalized
Summarization Framework

Personalization
Depth

Limited to keyword overlap or reading
history

Fine-grained personalization using role-based content
weighting and filtering

Adaptive summary length, abstraction level, and

Summary Style terminology per role

Uniform summary for all users

Summarization
Technique

Hybrid (extractive + abstractive + controlled) strategy

Primarily extractive or abstractive ;
selected per role and domain

Domain-specific models; limited cross-
domain use

Domain-agnostic  core  with  domain
(academic, healthcare, legal, policy, etc.)

Domain Adaptability adapters

Application
Coverage

Typically single-domain (news, scientific

articles) Multi-domain and multi-role applicability

Explicitly optimized through role relevance and

User Satisfaction cognitive load reduction

Implicitly assumed

Real-World
Suitability

Suitable for high-stakes domains (healthcare, legal,

Limited in high-stakes domains policy)

9. Conclusion and Future Scope

This paper proposed a role-enhanced personalized document summarization framework to address the challenges of
generic summarizations. After reviewing the literature, it was analyzed that recent summarization approaches, despite
being implemented by deep learning and large language models, ignore the real context of the user, which results in
generic and insufficient information according to the user's role. To address such limitations, the proposed pipeline
integrates role modelling, content filtering, and dynamic strategies.

Incorporating preferences of users, their roles, expertise, and needs enables generating document summaries that are
contextually relevant and efficiently enhanced according to users’ needs. The proposed architecture integrated the
extractive, abstractive, and hybrid summarization techniques to make the summarization system adaptable to diverse
application areas such as academics, research, education, healthcare, law records, and policy analysis, and so on.

In conclusion, the framework significantly improves the explainability and transparency of summarization for
deployment in high-end domains. The proposed personalized framework with human-centric assessment largely targets
fulfilling the need of the user and thus shifting the paradigm from content-centric to user-centric summary generation.
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