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I ABSTRACT 

Literature review is a core task in academic and industry 

research, but the usual process takes major effort to find 

relevant papers, screen them, pull out information, 

compare results, trace citations, combine themes and 

spot research directions that remain unexplored. Recent 

progress in artificial intelligence, natural language 

processing, large language models, retrieval-augmented 

generation, knowledge graphs and autonomous agent 

workflows creates a chance to support this process. This 

paper reviews research related to IRIS (Intelligent 

Research & Information System), a proposed AI-based 

research assistant which aims to combine paper retrieval, 

scientific information extraction, summarization, 

citation-aware synthesis, knowledge-graph building, 

research-gap detection and structured report 

generation.We reviewed eighteen representative papers 

for five technical areas: AI- assisted systematic literature 

review (SLR), Scientific natural language processing 

(NLP), semantic search, RAG, agent reasoning and KN. 

We observed that existing approaches typically handle 

individual subproblems well but struggle with 

integration, provenance detection, long-context 

processing, explainability, systematic gap detection, etc. 

With these observations, we propose a conceptual IRIS 

framework. It consists of several domain-specialized 

autonomous agents agenting over a citation aware 

scholarly corpus, and a researchy knowledge graph. we 

summarize some evidence as to why IRIS is better 

considered as a human-in-the- loop system rather than a 

fully automated system of retrieving literature reviews, 

consistent with common understandings in research. 

 

 

 

I. INTRODUCTION 

A literature review combines the work that has been done 

on a topic to define the state of the knowledge in a 

research area. The traditional approach for a researcher 

browses the several scholarships sources looking for the 

relevant papers, reads the abstract and body texts of the 

papers, records the methods, results, compares the results 

against each other, and combines the results coherently. 

As the number of publication increases, the workflow 

becomes the challenging task to perform. In the seminar 

material for IRIS, the information overload, challenges 

of comparing papers and trends and a lack of support for 

extracting the structured knowledge are identified as the 

motivations for an intelligent research assistant [1]. The 

AI has increasingly used for the systematic literature 

review (SLR) processes. Bolaños et al. surveyed the AI-

powered SLR approaches and illustrate that the existing 

systems can help the activities such as screening and 

extraction while the general research direction is the 

semi-automated literature reviews [1]. Han et al. 

investigated the retrieval-augmented generation for 

SLRs and discussed the automated retrieval, extraction, 

summarization, and trend identification [2]. The human-

centered approaches have also demonstrated that the 

language models can help the researchers in developing 

the literature-review narratives rather than generating the 

summaries [3]. A useful review synthesizes the 

information while preserving the relations between the 

works, distinguishing the evidence and interpretation, 

highlighting the disagreements, and making the trail from 

the claims backed to the sources clear. The scientific 

NLP models such as SciBERT [4] and document-level 

representations such as SPECTER [5] provide the 

foundation for understanding and retrieving the scholarly 
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documents. The RAG [6], dense passage retrieval [7], 

and self-reflective RAG [8] provide the mechanisms for 

the grounding of the generated outputs in the retrieved 

evidence. The Knowledge graphs [9], [10] and 

GraphRAG [11] provide the structured approaches to 

representing and answering the corpus-level questions. 

IRIS is proposed to combine all these ideas in a 

workflow. The project seminar describes an architecture 

with the research-paper retrieval through the scholarly 

APIs, NLP and information extraction, AI summarization 

and paper analysis, research-gap and thematic analysis, 

knowledge-graph generation, and citation-aware report 

generation [1]. The goal is therefore not simply to 

generate the text, but to organize the scholarly evidence 

and support the researchers in understanding the research 

landscape. 

A. Objectives of the Review 

• Look into the studies that support retrieval and the 

ability to read papers. 

• Look at the ways that RAG and agentic workflows can 

make the analysis of material using evidence better. 

• Think about knowledge graphs as a way to show the 

connections between papers, ideas, methods and results. 

• Identify the methodological gaps that result in the 

creation of the IRIS framework. 

II. REVIEW METHODOLOGY 

This paper contains a technology-oriented narrative 

literature review — and here's what makes it interesting 

— arranged according to the list of proposed IRIS 

components. . Initially, an extended list of related 

seminal and recent publications retrieved from academic 

databases. The review focuses on publications that have 

been peer-reviewed or represent research results in AI for 

Can't argue with that. No question. SLR scientific natural 

language understanding, semantic retrieval, RAG, self-

reflection, agentic RAG, knowledge graphs, and graph-

based retrieval. The final list of included works consists 

of eighteen items [1]-[18]. The reviewed papers were 

divided into five groups: (1) AI-assisted literature 

review, 

(2) scientific language understanding. In this group, 

semantic retrieval falls, (3) — something often 

overlooked — retrieval-augmented generation, (4) 

reasoning and agentic workflows, and (5) knowledge-

graph and graph-based retrieval. And, the division was 

based on the works’ main contributions. Their relevance 

to the proposed IRIS solution, limitations reported by the 

authors, or critical factors. Require consideration when 

designing an end-to-entire system for scientific literature 

reviews That's the bottom line. The review’s purpose 

wasn't to provide an exhaustive list of all AI-driven 

literature-review technologies though to create. A 

sufficient body of evidence for the proposed project’s 

technical feasibility and detail requirements for 

implementation and evaluation 

III. LITERATURE REVIEW 

A. AI-Assisted Literature Reviews 

Bolaños et al. [1] offer one of the most relevant pieces of 

research for IRIS that I’ve seen. 

Their survey of AI features — unexpectedly — 

literature review tools focuses on 21 1e Human-AI 

Blend; significant AI. Impact different tools, most of 

suppurt sureeg, wi a saller number supporting extraction. 

There is a clear distinction between the two, with the 

former greatly outnumbering the latter. The study 

demonstrates that there is a paradigm shift towards more 

AI-assisted and semi-automatic approaches compared to 

traditional tools. This, in turn, suggests that the 

functionalities of IRIS need to go beyond mere retrieval, 

screening, extracting, synthesizing, and maintaining 

traceability of all stages as interconnected processes. Not 

least, Han et al.From what I’ve seen, 2] concentrate on 

retrieval-augmented generation for automated systematic 

literature review tasks That changes things No getting 

around it. I think that Their review makes it clear that 

retrieval-augmented methods can be used to automate t 

processes of retrieval, summarization, extraction, and 

trend detection. To my mind, it is noteworthy that RAG, 

in particular, provides way of linking a language model 

to an external corpus of scholarly information, as 

opposed to relying only on information stored in weights 

of language model itself. From where I stand,The main 

finding of the paper is that quality of retrieval, 

computational cost are two critical factors that limit the 

practical application of retrieval-augmented approaches. 

Choe et al. That’s huge. Still, [3] demonstrate how 

language models can help novice researchers That’s the 

bottom line Can’t argue with that. I find that Even so, 

their operate points to fact that literature review requires 

developing arguments and interacting with the literature, 

not just summarizing individual documents Simple as 

that. This human-centric approach has direct implications 

for IRIS in that intended platform should facilitate 

evidence-based inspection and comparison of papers to 

enable the researcher to reach independent conclusions 
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rather than presenting information as black box. 

B. Scientific NLP and Semantic Retrieval 

Scientific literature has a number of features that 

distinguish it from other domains, including a specific 

set of terms, relations, citations, mathematical 

expressions, and organizational structure That’s the 

reality. Beltagy et al. Honestly speaking, when you 

suggest about it, proposed SciBERT [4], which is a 

BERT-based language model pre-trained on scientific 

publications. From where I stand, Looking at this, 

SciBERT achieved positive results on several scientific 

natural language processing tasks, demonstrating the 

effectiveness of the domain adaptation process. To me, 

personally, I can use the same type of scientific 

representation in Iris for extracting concepts,, frankly 

speaking, methods, datasets, and findings from papers. 

No question.Cohan et al. To me, introduced SPECTER 

[5], a document-level representation model that uses 

citation information as a supervisory signal for 

representation learning. The results on document 

classification, citation prediction, and recommendation 

tasks show, and this is essential, that citation information 

can be used as a reliable signal for capturing scientific 

relationships between documents. For IRIS, this implies 

that similarity between documents is not limited to 

lexical overlaps found in the text of the documents; 

citation information can also be useful in identifying 

related works. That’s huge. Semantic representations 

can be leveraged to jointly perform discovery and 

recommendation tasks. Karpukhin et al. When you think 

about it, presented Dense Passage Retrieval (DPR) [7], 

showing. I’d say that Dense representations allow for 

achieving strong performance in challenging open-

domain question answering tasks. 

C. Retrieval-Augmented Generation 

Lewis et al. introduced RAG [6] as a framework I’ve 

always found that truth is, Their work demonstrated that 

retrieval can improve the quality of knowledge-intensive 

generation tasks and serves as a way of accessing 

external information. This is especially true for the IRIS 

project because generated summaries should be based on 

retrieved documents, not just on information contained 

within the model. Review claims in IRIS should be 

conditioned on the retrieved documents rather than 

relying solely on information contained within the 

model. To my mind, aI W Self-RAG by Asai et al 

Makes you think. I’ve noticed that What’s more, 

[8] — this is the crucial point — extends the retrieval 

framework by allowing the model to decide Pretty 

significant, honestly. Worth remembering. No kidding. 

On the flip side, from where I stand, When retrieval is 

useful and to reflect on both retrieved passages and 

generated content. The paper shows that factuality and 

citation accuracy can be improved in long-form 

generative tasks by conditioning generation on retrieved 

evidence. For IRIS, such a self-reflective turn would 

allow checking whether the generated statement has 

been supported. Personally, by a source, whether more 

evidence is needed, and whether a citation is 

appropriate. AI Liu et al. [12] highlight the limitations of 

long-context language models, namely the reduced 

ability to capture relevant information located in the 

middle of a long context Makes sense. To me, contexts 

tend to be used less often than information at the 

beginning or end Makes you think. This finding is 

especially relevant to literature reviews. When you 

suggest about it. That’s the key. The way I see it, Since a 

large body of work is difficult to fit into the limited 

length of a prompt, I would argue that Iris should That’s 

why, use retrieval, chunking, hierarchical 

summarization. Honestly speaking, structured 

representations rather than placing all papers directly 

into one context window.I’ve always found that 

honestly 

D. Agentic and Reasoning-Based Workflows 

Wei et al. [13] showed that prompting language models 

to generate chains of thoughts improved performance on 

complex reasoning tasks by encouraging the model to 

learn and explicitly represent reasoning steps during 

training. Although the technique is not specific to 

inquiry assistance, it nonetheless helps to think about 

complex scholarly tasks that require multi-step 

reasoning rather than single-step generation. To me, and, 

looking at this closely, Iris can set — and this is key — 

up this through explicit task decomposition, Like:. I’ve 

noticed that Retrieve, screen, extract, compare, identify 

themes, assess gap evidence, and draft Pretty 

significant, honestly. Singh et al Can’t argue with that. 

[14] survey agentic RAG That’s the bottom line. 

Honestly speaking, describe how autonomous agents can 

introduce planning,, which is interesting, reflection, tool 

use, and multi-agent collaboration into RAG pipelines. 

This is extremely relevant to the IRIS design because 

diverse agents can be employed to specialize — 

surprisingly — and this is key — — in retrieval, paper 
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analysis, citation checking, knowledge graph 

construction, and gap detection Fairly straightforward, 

right? Agent specialization on top of that opens up 

opportunities for intermediate validation at various 

stages.The way I see it, The project seminar specifically 

proposes an agentic multi-Al workflow in. Multiple 

agents collaborate on retrieval, analysis, summarization, 

gap detection, and report generation [1]. The key 

analysis question isn’t whether agents can generate text. 

Looking at this, whether agent coordination increases 

evidence coverage and decreases unsubstantiated 

claims. Worth remembering. 

E. Knowledge Graphs and Graph-Based Retrieval 

Hogan et al. [9] present an overview of knowledge 

graphs, including graph data models, knowledge 

extraction, quality assessment, and applications Makes 

you think. Ji et al. [10] survey representation learning, 

knowledge acquisition, completion, temporal graphs, 

and knowledge-aware applications. I find that Together, 

these works establish the basic principles for 

representing scholarly information in the form of entities 

and relationships. For IRIS, a research knowledge graph 

can be viewed as a collection of relevant entities such. 

Simple as that. As Paper, Author, Topic, Method, 

Dataset, Result, Citation, and Research Gap. Relations 

can include cites, authored-by, studies, uses-method, 

evaluates, supports, contradicts, extends, and addresses-

gap. When you think about it, such a structure allows for 

storing and querying relationships between entities and 

facilitates graph-based exploration.Edge et al. [11] 

propose GraphRAG, which uses a graph index plus 

community summaries to retrieve relevant information 

from a large body of text. The paper demonstrates that 

GraphRAG achieves better performance than standard 

RAG approaches on global questions, including those 

concerning diversity and representativeness of the 

retrieved results. This is especially relevant to research 

questions such as “What are the main themes of this 

field?” or “What methods are most common, and what 

controversial findings have been reported?” A survey of 

automatic knowledge graph construction methods also 

shows that building a knowledge graph often involves 

knowledge acquisition, refinement, and evolution [15]. 

This, in turn, serves as a cautionary note for the IRIS 

project: a graph automatically constructed from papers 

may well contain noisy entities, ambiguous relationships, 

and outdated information. For this reason, graph curation 

must be considered an integral part of the IRIS design. 

IV. COMPARATIVE ANALYSIS 

Table I shows how the surveyed studies fit the IRIS 

workflow. The comparison shows that most studies 

handle separate subproblems well, yet building a fully 

integrated workflow still poses a major engineering and 

research challenge. 

Study Area Core 

contribution 

IRIS 

relevance 

Main 

limitation 

Bolañ

os et 

al. [1] 

AI for 

SLR 

Examines 

how AI 

can help 

with 

screening 

and 

informati

on 

extraction 

Suppo

rts AI-

assiste

d SLR 

activiti

es 

Does not 

provide 

a 

complete 

end-to-

end 

workflo

w 

Han 

et al. 

[2] 

RAG for 

SLR 

Explores 

retrieval, 

extraction

, and 

summariz

ation 

using 

RAG 

Helps 

connect 

research 

papers 

with AI-

generate

d 

analysis 

Retrieval 

quality 

and 

computati

onal cost 

can be 

challengin

g 

Choe 

et al. 

[3] 

LLM 

writing 

suppor

t 

Studies 

how 

LLMs 

can assist 

researcher

s in 

preparing 

literature 

reviews 

Encoura

ges 

human-

centered 

literatur

e-review 

support 

Does 

not 

cover 

the 

complet

e 

research 

workflo

w 

SciBER

T [4] 

Scientific 

NLP 

Uses 

scientific 

text to 

improve 

language 

understan

ding 

Helps 

IRIS 

under

stand 

techni

cal 

resear

ch 

conte

nt 

Requires 

adaptatio

n for 

specific 

research 

tasks 

SPEC

TER 

Scientifi

c 

Uses 

citation 

Helps 

IRIS 

Represen

tation 
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[5] retrieval informati

on to 

create 

meaningf

ul 

paper 

represent

ations 

find 

papers 

with 

similar 

research 

themes 

alone 

cannot 

perform 

the full 

review 

process 

RAG 

[6] 

Knowl

edge-

intensiv

e NLP 

Combines 

retrieved 

informatio

n with 

language-

model 

generation 

Provide

s 

evidenc

e-based 

generati

on for 

IRIS 

Output 

quality 

depends 

strongly 

on 

retrieved 

informati

on 

DPR [7] Sem

antic 

retri

eval 

Retrieves 

relevant 

passages 

using 

dense 

represent

ations 

Helps 

IRIS 

search 

by 

meanin

g rather 

than 

exact 

keywords 

Mainly 

designed 

for 

general-

domain 

question 

answerin

g 

Self-

RAG 

[8] 

RAG 

reflection 

Allows 

model to 

retrieve, 

generate, 

and 

check its 

responses 

Can 

improv

e the 

reliabil

ity and 

factuali

ty 

of IRIS 

outputs 

Adds 

additional 

complexity 

to the 

system 

Hogan 

et al. 

[9] 

Knowle

dge 

graphs 

Explains 

how 

knowledg

e can be 

represent

ed and 

connected 

through 

graphs 

Provide

s a 

foundat

ion for 

represe

nting 

researc

h 

relationsh

ips 

Graph 

construct

ion and 

maintain

ing data 

quality 

can be 

difficult 

Ji et al. 

[10] 

Knowl

edge 

graph 

survey 

Reviews 

methods 

for 

building 

Provide

s 

concept

s and 

Focuses 

on 

general 

knowledg

and 

using 

knowledg

e graphs 

methods 

useful 

for 

IRIS 

knowled

ge 

graph 

e graphs 

rather 

than 

scholarly 

research 

Graph

RAG 

[11] 

Graph-

based 

RAG 

Uses graph 

structures 

to 

understand 

informatio

n across a 

large 

collection 

Can 

help 

IRIS 

identify 

themes 

and 

relations

hips 

between 

studies 

Building 

and 

maintaini

ng the 

graph 

may 

require 

significan

t effort 

Liu 

et al. 

[12] 

Long 

context 

Examines 

how 

models 

handle 

informati

on at 

different 

positions 

in long 

inputs 

Suppor

ts the 

need 

for 

hierarc

hical 

proces

sing in 

IRIS 

Long-

context 

processin

g can 

still 

reduce 

informati

on 

utilization 

Wei 

et al. 

[13] 

LLM 

reasoning 

Shows 

how step-

by-step 

reasoning 

can 

support 

complex 

tasks 

Provides 

a basis 

for 

breaking 

IRIS 

tasks 

into 

smaller 

stages 

Not 

specifica

lly 

designed 

for 

literature

-review 

applicati

ons 

Singh 

et al. 

[14] 

Agentic 

RAG 

Discusses 

planning, 

reflection, 

tool use, 

and agent 

collaborat

ion 

Support

s the 

use of 

multiple 

speciali

zed 

agents 

in IRIS 

Agent 

coordinat

ion and 

evaluatio

n remain 

challengi

ng 

KG 

construc

tion 

survey 

Automati

c KG 

Reviews 

approache

s for 

acquiring 

Provid

es 

guidan

ce for 

Automa

tic 

extracti

on may 
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[15] and 

refining 

knowledge

-graph 

informatio

n 

buildin

g the 

IRIS 

researc

h 

graph 

introduc

e 

incorrec

t or 

duplicat

e 

relationshi

ps 

PRIS

MA 

2020 

[16] 

System

atic 

review 

reporti

ng 

Provides 

guidelines 

for 

making 

the 

review 

process 

transparent 

Can 

help 

IRIS 

maintai

n a 

more 

organiz

ed 

and 

traceabl

e 

review 

process 

It is a 

reportin

g 

guidelin

e rather 

than an 

AI 

impleme

ntation 

LLM 

scienti

fic 

assista

nce 

surve

y [17] 

LL

Ms 

in 

rese

arch 

Reviews 

how LLMs 

can 

support 

different 

scientific 

activities 

Helps 

identify 

possibl

e 

benefit

s and 

risks of 

using 

LLMs 

in IRIS 

Covers a 

broad 

range of 

scientific 

applicatio

ns 

IRIS 

prop

osal 

[18] 

Integrat

ed 

research 

assistant 

Combines 

retrieval, 

NLP, 

knowledg

e graphs, 

agents, 

and gap 

analysis 

Provid

es the 

overall 

integra

ted 

workfl

ow 

propos

ed for 

IRIS 

complete 

framewo

rk still 

needs 

practical 

impleme

ntation 

and 

evaluatio

n 

V. RESEARCH GAPS IDENTIFIED 

The literature shows several gaps which support IRIS 

1) Fragmented Functionality = Due to of this, a 

researcher often has. Is interesting, to use several tools 

and move the information between them manually No 

getting around it. IRIS is proposed to reduce this 

difficulty by bringing the major stages of the review 

process into one workflow That's the reality. In my 

experience, I'd argue that 

2) Limited Research-Gap Detection = Finding papers on a 

particular topic. No kidding. From where I stand, Is 

easier than deciding whether a real research gap exists 

No getting around it. Honestly speaking, sometimes the 

gap is related to a method that hasn't been tested with a 

particular dataset. Personally, iris Which means, looks at 

the information and relationships present surprisingly 

across reviewed papers to find possible research gaps. 

3) Weak Evidence Traceability = Another issue is 

knowing whether an AI-generated statement is actually 

supported by a research paper. Then again, when you 

think about it, an answer generated by an AI model can 

sound correct even. When you think about it, when the 

supporting evidence is incomplete. Think about it. RAG 

and citation-aware approaches help to some extent 

Pretty noticeable, honestly. The source of an crucial 

statement should still be easy to identify. Personally, in 

IRIS, the generated information is intended to remain. 

Connected to the paper or passage from which it was 

obtained. Think about it. To me, this allows the 

researcher to go back to the source and verify the 

information. 

4) Long-Context and Information Overload = A literature 

review may involve a major collection of papers. Simple 

as that Makes you think. Beyond that, reading all of their 

content 

—. Looking at this closely, This is key — at the same 

time is difficult for both researchers and AI systems. 

And it shows. Liu et al That changes things. [12] 

discussed the problems language models —. Here's 

where it gets interesting — can face when relevant 

information is located within a long context. Because of 

this, IRIS shouldn't simply hand over all collected papers 

to an — and here's where it gets interesting — llm in 

one prompt And it shows. No question. Instead, the 

papers can be divided into — this is the. From where I 

stand, Crucial part — useful sections, relevant 

information can be retrieved first Simple as that. 

Summaries can be created at different levels. Honestly 

https://ijsrem.com/
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speaking, the way I see it, The knowledge graph can 

then be used to connect information from different 

papers. Looking at this closely, Not only that , 

5) Lack of Standardized Evaluation = There's no single 

measure. No kidding. Can tell whether an AI literature-

review system — and here's where it gets interesting — 

is working properly That's the bottom line. Honestly 

speaking, different parts of the system necessitate to be 

checked separately. 

6) Human Oversight = Looking at this closely, This is 

Most of all, important That's the bottom line. When 

different studies have conflicting findings — and this is 

key — or when the evidence for a suggested research 

gap isn't satisfactory. Honestly speaking, when you 

think about it, aI-generated interpretations should also be 

checked. Before they're used in an academic report 

Worth keeping in mind. To me, meaning, IRIS is 

intended to work as a research-support — worth noting 

— system, helping the Pretty significant, honestly. From 

where I stand, Researcher handle large amounts of 

literature rather than replacing the researcher's 

judgment. 

VI. PROPOSED IRIS FRAMEWORK 

The architecture of the proposed IRIS framework is 

described in the project seminar [18]. The system has a 

research topic, question, or keywords as an input. The 

retrieval layer queries semantic databases like Semantic 

Scholar, arXiv, or Crossref through their API, saves the 

metadata and documents found, and prepares them for 

analysis by normalizing and deduplicating the data. The 

NLP layer extracts the relevant information such as title, 

authors, year of publication, research problem, 

methodology, dataset, results, limitations, and 

keywords. Scientific language models and embeddings 

may be used for semantic similarity and extraction. The 

extracted information is then structured as the evidence 

layer for further processing. The final dashboard allows 

searching for papers, applying filters, comparing, and 

exploring relationships in graphs, identifying themes, 

and generating a report with citations. The project 

seminar lists the described components as the key 

features of the IRIS framework [18]. 

A. Conceptual Workflow 

User Query → Literature Search → Deduplication and 

Screening → Scientific NLP Extraction → Semantic 

Summarization→ Knowledge Graph Construction → 

Cross-Paper Thematic Analysis → Research Gap 

Detection→ Citation Verification → Review Report 

and Interactive Dashboard 

B. Research Gap Detection Strategy 

A research gap detection algorithm should, first and 

foremost, find papers with similar topics and separate 

them into categories based on the methodology, dataset, 

and results. Second, it should identify under-represented 

combinations of topics, methodologies, datasets, and 

results, as well as disconnected areas in the graph. Third, 

a research gap should be found by comparing the 

limitations and future works sections of similar papers. 

Fourth, the algorithm should detect conflicting results 

and methodologies. Finally, the Gap Agent should 

suggest a research gap with supporting papers and a 

confidence score, and the researcher should validate the 

findings. 

C. Citation-Aware Generation 

The paragraphs produced by the system should be cited 

with the relevant evidence units. The citation manager 

can store the paper ID, URL, DOI, or the specific 

page/section, if available, with the claim. If there are not 

enough supporting items, then the system should not 

generate a citation and ask for the user’s input instead. 

 

VII. TECHNOLOGY STACK AND

 IMPLEMENTATION CONSIDERATIONS 

The technology stack suggested by the project seminar 

includes React Makes you think. Js and Tailwind CSS 

are used for the frontend. Python with FastAPI is used 

for the backend. Transformer-based NLP is also part of 

the stack. When we look at this closely PyTorch is used 

for AI processing and PostgreSQL is used for data 

storage. Git and GitHub are used for version control 

[18]. These options are appropriate for a research 

assistant. 

• A dashboard, a search function, filters, paper 

comparison capability, graph visualization and report 

preview are all part of the frontend features. That seems 

straightforward. 

• Authentication, API orchestration, retrieval services, 

agent coordination, report generation and logging are all 

part of the backend features of the system. That changes 

things. 

• Applications, in intelligence and natural language 

processing include scientific embeddings, information 

extraction, summarization, classification, evaluation of 

semantic similarity and verification of evidence. 

• For storage relational metadata is kept in PostgreSQL. 

Honestly speaking graph representation is used via a 
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graph database or a graph layer. When you think about it 

• For external academic sources, Semantic — 

surprisingly — scholar, arXiv, and Crossref are utilized; 

source licensing and API restrictions are applicable. The 

way I see it, 

• Evaluation: a benchmark set. Has been carefully 

selected, consisting of research topics together with — 

something often overlooked — expert-labeled relevant 

papers, themes, citations, and candidate gaps. 

VIII. EVALUATION FRAMEWORK 

A proper evaluation of the project would entail 

comparing the IRIS results against the performance 

baseline of the procedures. The retrieval performance can 

be judged in terms of precision, recall, and nDCG@ 

ranks. In turn, the information extraction quality should 

be evaluated using precision, recall, and F1 scores 

measured against fields such as method, dataset, and 

finding. Meanwhile, the summary quality can be assessed 

according to their accuracy in terms of content coverage 

and supporting claims with citations. Finally, the citation 

generation performance should be evaluated against 

accuracy and relevance. Meanwhile, the research-gap 

detection component should be evaluated in terms of 

experts’ judgment. Specifically, for research topics, the 

domain experts can assess whether the identified 

research-gap is novel, non-obvious, evidence-based, and 

actionable. Thus, it would be possible to report precision 

with evidence, annotated by the percentage of research 

gaps that would be agreed upon by the annotators, among 

other metrics. In turn, the time spent by the agent and the 

users’ satisfaction should be measured, as the IRIS is 

designed to act as a research assistant. 

Lastly, an ablation study should be conducted to measure 

the contribution of each component. For instance, the 

keyword-based search results can be compared against 

the search, RAG-based summaries, against standard 

document generation, flat database results against graph 

database results, and single-agent processing against 

multi-agent processing.. 

IX. CHALLENGES, ETHICS, AND LIMITATIONS 

The use of AI to perform a literature review presents 

risks. I would argue that need to be addressed directly 

And this is what it boils down to. However, 

hallucinations could produce the fabrication of 

references. But, retrieval systems give a higher value to 

papers. Personally, are highly cited or easy to index and 

Which means, not highlight less prominent research. 

Also, the various source APIs and publishers have 

various ranges of coverage, different licensing 

arrangements and different schedules for updating. 

Finally, the models have mimicked the biases present in 

the training data or in the scholarly record. IRIS should 

make provenance available, retain the source metadata, 

differentiate between evidence. It's as simple as that. 

From my position, Has been retrieved and that which has 

been interpreted and asks for human approval before any 

publication is complete. Meanwhile, a possible research 

gap cannot be presented as a proven scientific fact. 

Database terms and copyright should also be considered 

when storing or redistributing full-text papers. A 

limitation of the proposed framework is that it has not 

been tested experimentally as a complete system. Which 

is huge. The claims made in this paper are related to a 

design based on research rather than providing 

experimental evidence Worth remembering. In my 

experience, iris will surpass existing systems. When the 

framework is finally used, it should have information 

about. The datasets, model versions, retrieval settings, 

evaluation methods, error analysis, and repeatable 

experiments Worth considering. Can't argue. 

X. FUTURE SCOPE 

Further developments of IRIS can include a multilingual 

collection of scientific papers, multimodal 

comprehension of paper's content including graphs. 

Tables, trend analysis of the research over time, tailored 

recommendations depending on the field of a researcher, 

and a hypothesis generator. Looking at this closely, 

Indirect relationships between methods and outcomes 

can be found by extending the graph-based retrieval 

technique. I've noticed that Agent memory can enable 

long-lasting research to keep the same evidential basis 

through different working sessions. Big difference. 

Honestly speaking, an additional development may 

concern explainable research gap identification. Put 

differently, a user shouldn't receive one single statement 

about a gap. And, also should see the evidence path used 

by the algorithm, supporting papers, non-existing 

relationship, contradictory evidences. Probability of the 

recommended gap. And it shows. Because there are no 

explanations, the output will be more beneficial for 

academic supervision and won't be abused. Still, further 

development of the project can lead to PRISMA-oriented 

work flow. It implies that screening results, reasons of 

inclusion or exclusion, search dates. Evidence extraction 

can be recorded To be replicated by other researchers. 
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XI. CONCLUSION 

This review has provided a review of research 

foundations related to. Plus, the IRIS, an Intelligent 

Research & Information System for assisted literature 

review. In my experience, important developments in 

AI-assisted screening. Extraction, scientific NLP, 

semantic retrieval, RAG, self-reflective generation, 

agentic workflows, knowledge graphs, and graph-based 

corpus analysis are highlighted in this literature. Makes 

sense. Nonetheless, integration, evidence traceability, 

long-context handling, validation of research gaps, and 

standard evaluation are significant problems. These 

limitations have been overcome through the proposed 

IRIS. Has connected scholarly retrieval, scientific 

information extraction, evidence-grounded 

summarization, knowledge graph creation, agentic multi-

step analysis, research gap identification. Citation aware 

report generation. Personally, because of this, rather than 

any specific novel component, the main. From where I 

stand, Contributions of the proposed system are its 

integration process and human-in-the-loop approach. To 

me, for a final year engineering project, the next step will 

be to develop. Evaluate a tangible system based on 

certain clear benchmarks. The way I see it, Then again, 

as long as the proposed system can highlight accurate 

retrieval, faithful summary creation, traceable citations, 

useful thematic relations. No kidding. Verified research 

gaps suggested, the IRIS will be able to offer an 

effective platform for literature review. 
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