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How to Build an Al Workflow for Research
Papers Without Relying on PDF Chat Alone

Executive Summary. The quantity and pace of scientific publications have accelerated to unprecedented levels.
Estimates suggest researchers face on the order of 2—3 million new papers each year ( ). This
“flood” of information makes traditional manual literature reviews (even systematic reviews) infeasible for staying current.
While Al-powered tools (such as interactive PDF chatbots like ChatPDF or SciSpace’s Chat PDF) promise quick answers
from individual papers, they are limited in scope and risk oversimplification or hallucination ( ) (

). Arobust Al-assisted research workflow goes beyond a single PDF query: it combines automated
literature search, large-scale ingestion of documents, intelligent information extraction, and synthesis using a retrieval-
augmented generation (RAG) architecture. Critical components include automated querying of academic databases,
PDF-to-text preprocessing, vector embeddings and database indexing, LLM-based summarization and question-
answering, knowledge graph analysis, and citation management. By chaining these stages, researchers can build a
customized pipeline that, unlike simple PDF chat, can search across thousands of papers, maintain “memory” of
extracted knowledge via vector databases, and produce coherent, reference-backed analyses. For example, recent tools
and prototypes have shown that Raynning a collection of PDFs through a map-reduce summarization approach and an
LLM-based Q&A front-end enables queries like “Which paper claims to be the lightest model in this domain?” with exact
citations ( ) ( ). Empirical studies strengthen this approach: automated RAG-based systems
yield higher recall and precision in literature screening than older manual or rule-based tools ( ) (

). Productivity gains are also notable — one analysis found GPT-4 could screen 10,000 abstracts for
about US$200 (using an API), cutting screening time by ~70% compared to manual review ( ).
However, quality and bias remain concerns: LLMs often oversimplify nuanced findings and add unwarranted
generalizations ( ). Therefore, the workflow must include mechanisms for verifying provenance and
integrating human expertise. This report surveys multiple approaches and perspectives on Al workflows for research. It
reviews the current state of the art (from basic PDF chatbots to advanced RAG systems), discusses key subtasks
(literature search, screening, summarization, etc.), surveys enabling tools and algorithms, and examines case studies of
practical systems. We analyze data and performance findings (e.g. screening metrics, summarization ROUGE scores)
and provide evidence-based recommendations. Finally we outline future directions (domain-specific LLMs, multimodal
integration, collaborative knowledge graphs) and implications for research productivity. Across all sections, claims are
supported by recent peer-reviewed literature and expert sources to ensure credibility and depth.

Introduction and Background

The modern scholarly ecosystem has become overwhelmingly large. Auer et al. (2020) note that researchers now face
roughly 2.5 million new “research contributions” (papers, articles, reports) each year ( ), with
technology and natural science publications almost doubling in the past decade ( ). This
information overload strains the conventional practice of literature review, which traditionally involves manual search and
reading. Undertaking even a single systematic literature review (SLR) is time-consuming: one study reported that
systematic reviews in computing often involve screening thousands of papers ( ) ( ). Key tasks —
defining search queries, running searches in databases (SCI, PubMed, arXiv, etc.), screening titles/abstracts for
relevance, extracting data, and synthesizing findings — are laborious and prone to human bias if done manually (

) ( ). In domains like medicine, over 13,000 SLRs are published each year ( ), underscoring
the scale of work. This context motivates Al-assisted workflows to augment or automate parts of the research process.

Historically, efforts to support literature analysis have included rule-based search filters, keyword indexing, citation
mapping, and domain-specific ontologies. For example, visual tools for meta-analysis and database import (e.g.
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EndNote, PubMed filters) have eased some burdens ("' arxiv.org). More recently, the rise of machine learning and
natural language processing (NLP) techniques opened new possibilities for automation. Torre-Lopez et al. (2024) identify
that since 2006 researchers have applied neural networks, ML classifiers, and text-mining to tasks like screening and
information extraction (**! arxiv.org). At a high level, these “Al-driven” SLR efforts target the repetitive elements of SLRs
(study selection, data extraction) while still involving humans for planning and interpretation (*°! arxiv.org) (" arxiv.org).
[15

However, early tools required extensive training or tuning, and uptake was limited by usability challenges (*°! arxiv.org).

An emerging paradigm combines LLMs with retrieval (‘“RAG”) to leverage their strengths.

This report focuses on building an end-to-end Al workflow for research paper analysis. We define such a workflow
as a pipeline where Al components are connected to support researcher tasks: from initial question formulation to final

report drafting. Importantly, we discuss “without relying on PDF chat alone” — meaning we seek approaches richer than
simply using an LLM-based chatbot on one PDF at a time. While tools like ChatGPT, SciSpace Chat, or ChatPDF allow
interactive Q&A on a single uploaded document, they are limited by fixed context windows and lacking cross-document
context. Instead, we consider workflows that ingest large corpora, perform multi-document summarization, and provide
queryable knowledge across sources. Section by section, we will:

« Outline the need for Al augmentation in literature review, citing the explosion of publications and the inherent

challenges (") vwww.degruyterbrill.com) (! arxiv.org).
« Analyze the limitations of current “PDF Chat” tools and the motivation to go beyond them.

« Survey fundamental components of an Al literature workflow, such as automated literature search (retrieval),
text processing, embeddings/vector databases, LLM summarization, and knowledgegraph analysis.

- Examine how to integrate these components into a coherent pipeline (for example, via RAG architectures,

pipeline frameworks like LangChain/Llamalndex, or curated tools like Elicit and LLAssist).

« Present case studies and examples of Al-assisted literature systems, including quantitative performance where

available.

« Discuss current and future implications, including limitations (e.g. hallucinations (i www.livescience.com), cost,
human oversight) and new research directions (domain-adapted models, multimodal inputs, collaborative knowledge

bases).

Every claim is supported by the extant literature and expert commentary. We draw on recent survey papers (*° arxiv.org)
(*°"www.mdpi.com), empirical studies of LLM performance (*”) pmc.nchi.nim.nih.gov) (" pme.nebi.nim.nih.gov), and practical
implementations (platform blogs, research prototypes) to cover multiple perspectives. In doing so, we aim for a thorough,

evidence-based guide.

The Challenge of Modern Research and the Case for Al

Publication Volume and Human Limits

Researchers have long lamented the sheer volume of publications. Auer et al. (2020) calculated that scientists must
“drown in a flood of pseudo-digitized PDF publications” — roughly 2.5 million new documents per year (')
www.degruyterbrill.com). Similarly, Torre-Lépez et al. report “hundreds or thousands” of papers returned for a broad SLR,
requiring costly and error-prone screening (M arxiv.org). In computing and medicine alone, annual review paper counts
number in the thousands (7! arxiv.org). By one estimate, keeping pace with all published work would require reading over
1,000 papers per day (%! www.linkedin.com). Clearly, human methods (reading abstracts or full texts sequentially) cannot
scale.

The systematic literature review (SLR) process is a structured but time-intensive response to this overload ("
arxiv.org) (M arxiv.org). It mandates explicit research questions, systematic database queries, and careful screening

© 2026 IntuitionLabs.ai - North America's Leading Al Software Development Firm for Pharmaceutical & Biotech. All rights Page 3 of
reserved. 18


https://arxiv.org/abs/2401.10917#:~:text=Conducting%20a%20literature%20review%20is,resources%20when%20it%20comes%20to
https://intuitionlabs.ai/articles/llm-adverse-event-extraction-clinical-notes
https://arxiv.org/abs/2401.10917#:~:text=first%20use%20of%20AI%20techniques,current%20AI%20techniques%20still%20lack
https://arxiv.org/abs/2401.10917#:~:text=In%20this%20paper%2C%20we%20focus,are%20wide%20considering%20all%20the
https://arxiv.org/abs/2401.10917#:~:text=The%20application%20of%20AI%20techniques,ML%29%C2%A0%2811%29%20or
https://arxiv.org/abs/2401.10917#:~:text=select%20relevant%20papers%C2%A0,7
https://www.degruyterbrill.com/document/doi/10.1515/bfp-2020-2042/html?lang=en#:~:text=The%20transfer%20of%20knowledge%20has,on%20a%20mixture%20of%20manual
https://arxiv.org/abs/2401.10917#:~:text=Conducting%20a%20literature%20review%20is,resources%20when%20it%20comes%20to
https://www.livescience.com/technology/artificial-intelligence/ai-chatbots-oversimplify-scientific-studies-and-gloss-over-critical-details-the-newest-models-are-especially-guilty#:~:text=Large%20language%20models%20,versions%20compared%20to%20previous%20generations
https://arxiv.org/abs/2401.10917#:~:text=select%20relevant%20papers%C2%A0,7
https://www.mdpi.com/2076-3417/14/19/9103/xml#:~:text=This%20study%20examines%20Retrieval,We%20then%20discuss%20applications
https://pmc.ncbi.nlm.nih.gov/articles/PMC12329882/#:~:text=Recall%20reflects%20a%20tool%E2%80%99s%20ability,the%20comprehensiveness%20of%20systematic%20reviews
https://pmc.ncbi.nlm.nih.gov/articles/PMC12329882/#:~:text=tasks,scale%20systematic%20reviews%2C%20but%20teams
https://www.degruyterbrill.com/document/doi/10.1515/bfp-2020-2042/html?lang=en#:~:text=The%20transfer%20of%20knowledge%20has,on%20a%20mixture%20of%20manual
https://www.degruyterbrill.com/document/doi/10.1515/bfp-2020-2042/html?lang=en#:~:text=The%20transfer%20of%20knowledge%20has,on%20a%20mixture%20of%20manual
https://arxiv.org/abs/2401.10917#:~:text=the%20analysis%20of%20scientific%20literature,We%20describe%20the%20tasks
https://arxiv.org/abs/2401.10917#:~:text=and%20open%20issues,Scopus%20by%20February%201st%2C%202022
https://www.linkedin.com/posts/sethbannon_2m-scientific-papers-are-published-each-year-activity-7074079327486676992-qnRg#:~:text=just%20to%20keep%20up,So%20we
https://arxiv.org/abs/2401.10917#:~:text=search%20and%20analysis%C2%A0%281%29,Scopus%20by%20February%201st%2C%202022
https://arxiv.org/abs/2401.10917#:~:text=search%20and%20analysis%C2%A0%281%29,Scopus%20by%20February%201st%2C%202022
https://arxiv.org/abs/2401.10917#:~:text=Conducting%20a%20literature%20review%20is,resources%20when%20it%20comes%20to
https://intuitionlabs.ai/?utm_source=pdf&utm_medium=document&utm_campaign=article&utm_content=building-an-ai-workflow-for-research-papers-using-rag.pdf
https://intuitionlabs.ai/articles/ai-workflow-research-papers-rag?utm_source=pdf&utm_medium=document&utm_campaign=article&utm_content=building-an-ai-workflow-for-research-papers-using-rag.pdf
https://intuitionlabs.ai/?utm_source=pdf&utm_medium=document&utm_campaign=article&utm_content=building-an-ai-workflow-for-research-papers-using-rag.pdf

W ietuitiontabs  intuitionLabs - Al Software for Pharma & Biotech Building an Al Workflow for Research Papers Using RAG

criteria (! arxiv.org) (“°! arxiv.org). While SLRs produce high-quality overviews, they can take months or years to
complete, delaying insights into fast-moving fields. For example, in computing, tens of thousands of SLR papers (6,342
by 2022 (1*?! arxiv.org)) attest to their demand, but also to the mundane repetition of tasks like duplicating removal and
citation analysis. Torre-L6pez et al. note that many such tasks (title/abstract screening, relevance decision) are highly
repetitive, suggesting they are amenable to automation (1*°! arxiv.org).

Early Al in Literature Analysis

Over the last two decades, Al techniques have incrementally found roles in literature review tasks. Early efforts include
rule-based keyword classifiers, citation-based ranking algorithms, and trainable ML models for relevance filtering. Torre-
Lépez et al. (2024) survey 34 primary studies on Al for SLR, describing tasks like automated query formulation, database
search, screening, and data extraction (%' arxiv.org) (**! arxiv.org). Examples include using neural networks to pre-screen
studies (from 2006 onward) (! arxiv.org), or text mining to classify papers (**! arxiv.org). More recent work leverages off-
the-shelf language models to assist specific steps: for instance, scoring abstracts, tagging methodology, or clustering
topics.

Nevertheless, many of these efforts have remained siloed or partial. Torre-Lopez et al. observe that existing Al/ML tools
typically address at most a few SLR phases (search string generation, study selection, etc.), but no comprehensive
automated solution exists (“? arxiv.org) (** arxiv.org). Often a human-in-loop is still required to ensure quality and to
handle generalization gaps (** arxiv.org) (**! arxiv.org). In practice, adoption has lagged, partly due to “required learning
curve” and scant evaluation of actual benefit (*°! arxiv.org). Researchers note that these semi-automated approaches
have saved time in experiments (e.g. reducing screening time (") pmc.ncbi.nim.nih.gov)), but broad usage remains “limited
due to the lack of studies evaluating their benefits” (*° arxiv.org).

Role of LLMs and the Promise of Retrieval-Augmented Generation

The advent of large language models (LLMs) like GPT-3/4, Claude, and open-source LLaMA has transformed
possibilities. LLMs are pretrained on massive text corpora and excel at generating fluent, coherent prose and handling
nuanced prompts (*°/ www.mdpi.com). For literature review, they offer strong summarization and QA capabilities. For
instance, GPT-3.5 has been shown to outperform simpler methods in generating abstracts or structured summaries (*°
arxiv.org). However, LLMs come with critical caveats: their knowledge is “static” (frozen at pretraining) and may be
outdated or incomplete. More concerningly, they have no inherent mechanism to ensure factual accuracy or grounding in
source text; output can “hallucinate” facts or extreme generalizations (*°! www.mdpi.com) (?) v livescience.com). The
recent “RabbitHole” study in Royal Society Open Science demonstrates that chatbots (GPT, Llama, Claude, etc.)
frequently oversimplify and even misrepresent research conclusions, especially newer concealed details (%!
www.livescience.com). Chatbots were found to produce authoritative-sounding but incorrect assertions about scientific
findings, and newer models tended to give more confidently wrong answers rather than refusing to state uncertainty ('
www.livescience.com). As one researcher explains, overly general LLM outputs can “change the meaning of the original

research” in subtle ways (/! www.livescience.com).

To harness LLM strengths while mitigating weaknesses, Retrieval-Augmented Generation (RAG) has emerged as a
key paradigm (**) www.mdpi.com). In RAG architectures, the generative model is explicitly connected to an external
knowledge retrieval component. Instead of relying solely on model-internal memory, the LLM receives pertinent evidence
from a curated document set and then generates answers conditioned on that evidence (“* www.mdpi.com) (%
www.sciencedirect.com). For literature review, this means an Al assistant can dynamically “ground” its responses in the
latest research text, thereby reducing hallucinations and leveraging real documents for accuracy. RAG systems typically
involve steps: (1) retrieve documents or passages similar to a query, (2) augment the query by injecting retrieved content,
and (3) generate final output from the LLM (“) vwww.mdpi.com). Studies show RAG-based LLMs substantially improve
factuality and domain coverage: Han et al. (2024) report that RAG mitigates static-knowledge limitations, enabling tasks

like data extraction and trend identification in SLRs (i www.mdpi.com). In the Gemini (Google) “File Search Tool”, the
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strategy is explicitly to ground LLM answers in user-supplied PDFs so responses are “more accurate, relevant and
verifiable,” with automated citations (°°) vww.androidcentral.com) (°* www.androidcentral.com).

These developments suggest a new vision for literature workflows: one where specialized retrieval stores and LLMs form
a loop, complemented by additional Al tools. The rest of this report elaborates on how to implement such a workflow.

Limitations of “PDF Chat” and the Need for a Workflow

“Chat with PDF” tools (e.g. ChatPDF, PDF.ai, SciSpace Chat) have become popular quick fixes. These systems allow a
user to upload a PDF of a research paper and then ask ChatGPT-like questions about its content. Such interfaces lower
the barrier to querying documents. Indeed, adoption metrics have surged: some reports claim over 10 million researchers
have tried Al PDF tools, with one tool (ChatPDF) reaching 1 million users in its first week (°? guptadeepak.com). PDF chat
can rapidly extract passages or generate summaries for one document, which is helpful for getting immediate insights.

However, relying solely on PDF chat has crucial drawbacks, especially for synthesis across an entire literature:

« Context and Scope. PDF chat typically handles one document at a time, without integrating evidence from multiple papers. Complex
literature review questions often require reasoning over many sources (e.g. “How has treatment X efficacy changed over studies?”). A
single-PDF chatbot cannot compare findings across documents or identify consensus vs. disagreement.

+ Token & Memory Limits. Even top LLMs have restricted input size (often a few thousand tokens). Large review papers or tall LaTeX
tables may get truncated, losing key content. Moreover, chat sessions may not persist discussion history seamlessly, limiting long
queries.

+ No Automated Search or Discover. A PDF chat cannot help find relevant papers; it only answers questions on what you already
uploaded. Effective literature review requires (a) automated retrieval of new papers from databases, and (b) integrating that new
information.

« Lack of Provenance. While PDF chat can quote lines, it often paraphrases without explicit link to the original text. Its answers may
hallucinate or omit qualifiers (the “paper vs page problem”). The LiveScience study on LLM misinformation highlights that chatbots

frequently produce summaries that distort the original research (‘2‘ www.livescience.com). Without rigorous citation of source
paragraphs, there is risk of propagating these errors.

« Limited Workflow Integration. A researcher’s work involves note-taking, reference management, and writing. PDF chat tools typically
have narrow functionality (question-answering) and little integration with citation software or writing assistants. There is often no
exportable summary, no structure, and no assimilation into a larger project.

In sum, PDF chat is a single, narrow pill. It can expedite reading of one PDF but does not form an end-to-end solution.
To capitalize on Al's potential, one must stitch together multiple Al capabilities into a workflow. This means automating
search, constructing a knowledge base, and using LLMs in tandem with strategic prompts. As we will see, such workflows
can dramatically reduce researcher workload while maintaining reliability and traceability.

Components of an Al-Driven Research Workflow

Building a comprehensive Al workflow for literature review involves integrating several specialized components. Below we
outline the major building blocks, drawing on examples from literature and industry:

1. Automated Literature Search and Collection

A true Al-augmented workflow should begin with automated retrieval of relevant papers. Instead of manually searching

Google Scholar or journal portals, researchers can use APIs and Al-assisted querying to gather documents:
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+ Query Formulation (LLM-assisted). Crafting effective search queries is crucial. Some approaches have LLMs generate or refine search
strings from a research question. For instance, deepseekpro.com suggests using LLM “system messages” as search-engine assistants:

an LLM can translate a topic into keywords or queries, then evaluate returned papers for relevance ([33] deepseekpro.org).

* APIl-based Harvesting. Many databases (arXiv, PubMed, IEEE Xplore, CrossRef, Semantic Scholar) offer APIs. An Al pipeline can
programmatically pull metadata and PDFs. For example, one could call the arXiv APl with a query derived from GPT to retrieve the latest
relevant PDFs.

+ Relevance Filtering. Not all retrieved papers are on-topic. Al can help triage: either by using LLMs to answer “yes/no” wariness
questions or by computing embedding similarity. Xu et al. (2025) compared GPT models to a baseline paper-screening tool (Abstrackr)

and found GPT-4 had significantly higher specificity and similar recall (IGJ pmc.ncbi.nim.nih.gov) (B4J pmc.ncbi.nim.nih.gov). In
practice, after a query, a vector search may return 500 abstracts; an LLM can then help filter or rank them, reducing the list to the most
relevant subset (often <100).

2. Document Ingestion and Preprocessing
Once papers are identified, the next step is ingesting and structuring their content:

+ PDF to Text Conversion. Extract raw text from PDFs (using tools like pdf2text, PyPDF, or science-specific parsers). This step also
captures metadata (title, authors, page numbers) and preserves structure (headings, references) if possible. Zaidilyas (2025) describes

loading PDFs and creating a list of “page texts” with metadata (source filename, page number) (°°! medium.com). Each page can be
stored as a document chunk for downstream search.

o Chunking and Metadata. Because LLMs have input length limits, long papers may need chunking. But naive chunking of each page
independently can lose cross-page context. A hybrid approach is map-reduce: first, summarize each paper (map phase), then

summarize/synthesize those summaries (reduce phase) (°°/ medium.com). Zaidilyas implemented this by concatenating all pages of

one paper, generating a summary per paper, then combining those summaries into the final literature review (B” medium.com).

+ Cleaning and OCR. Ensure that text extraction handles equations and formatting gracefully. Sometimes OCR models (like Google’s
Document Al) may further improve extraction for scanned PDFs. Extract bibliographic references separately if needed for citation tools.

« Data Storage. Store the text and metadata in a database or vector store. At this point, each paper’s content (or chunks thereof) is a unit
for search. Consider also storing abstracts or figure captions separately to allow targeted analysis.

3. Vector Embedding and Indexing
To support fast semantic search and memory, the workflow should build an embedding index (vector database):

« Embedding Models. Choose a sentence or document embedding model (OpenAl embeddings, SBERT, etc.) to convert text splits into
high-dimensional vectors capturing semantics. The model should be domain-aware if possible (e.g. SCIBERT or specialized models for
biomedical vs. computer science literature).

« Vector Database. Insert the embeddings of all document chunks into a similarity search index (FAISS, Milvus, Pinecone, Chroma,
Qdrant, etc.). This index serves as long-term “memory.” Khan et al. (2024) refer to this as the retrieval indexing step in their RAG pipeline

from PDFs ([38J arxiv.org). Vector DBs allow querying with a new embedding (e.g. of a user’s question) to retrieve the top-k nearest
document fragments.

« Use Cases. With an embedding index, the system can answer queries by retrieving relevant passages from any paper in the corpus. It
also supports tasks like topic clustering: by selecting a term or theme, the system can reveal related papers/paragraphs by vector
closeness. Han et al. (2024) note that RAG explicitly “enhances LLM outputs by grounding them in dynamically updated content” via

retrieval (LZBJ www.mdpi.com). The index is the “retrieving” component of RAG for our knowledge base.

« Updates. For ongoing research, add new papers’ embeddings as they appear. Some vector DBs allow incremental indexing. The “File
Search Tool” in Google Gemini (2025) exemplifies automating embedding/indexing whenever a user provides documents ([39]

www.androidcentral.com).

4. Retrieval-Augmented LLM Querying
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At the heart of the workflow is the retrieval-augmented LLM:

* Query Interface. The user or system poses a question (e.g. via a chatbot or natural language prompt). This could be a free-form query
(“What are common data sets for 2D image segmentation with semi-supervised learning?”) or a structured request (e.g. “Generate a
summary of related work on X, including trends and gaps.”).

* Retrieval. The system encodes the query (possibly with an LLM to generate better search keywords ([40‘ deepseekpro.org)) and
retrieves the top-N relevant chunks from the vector DB. These chunks may be from across many papers. The retrieved passages serve
as evidence context. This step effectively uncovers snippets that contain information needed to answer the query. If needed, an

intermediate step can re-rank using dense retrievers (e.g. DPR, BM25) or LLM cross-encoders (14“ www.mdpi.com).

« Augmentation. The retrieved contexts are concatenated (within token limits) with the original query prompt. This augmented prompt is
then sent to an LLM for generation. By injecting real text, the LLM’s output will tend to be grounded and factual (*°! www.mdpi.com).

» (42

Han et al. describe this as concatenating “retrieved documents with the original user input to form the final prompt www.mdpi.com).

« Answer Generation. The LLM generates the response, attending to both the query and the retrieved content. Ideally, the answer
explicitly references the retrieved information. Some systems (like Gemini’s File Search) even ask the model to “quote” or “cite the
source” as part of the answer. The output should be human-readable prose or structured points, and it must include citations (paper title
and page/section) from the knowledge base.

« Conversational QA. Optionally, this retrieval+generate loop can be extended into a conversational chat, where follow-up questions
continue to use the same indexed knowledge base. Zaidilyas's assistant uses such a RAG chatbot: researchers can ask follow-up

subquestions and the system retrieves fresh evidence each time ([43] medium.com) ([5] medium.com).

The power here is twofold: (1) the LLM can answer complex questions by leveraging multi-document evidence, and (2) it
provides verifiable outputs. For instance, Zaidilyas’'s QA bot answers questions like “Which datasets are most frequently
used?” or “Where in the paper is the claim about model efficiency made?” and backs the answers with exact page
references (! medium.com) (°! medium.com). Google reports for Gemini's RAG tool that users see exactly which
documents and passages support an answer (') wyw.androidcentral.com). This transparency addresses the hallucination
problem — contributors and readers can trace claims back to sources.

5. Summarization and Synthesis

Beyond direct Q&A, a workflow also generates higher-level summaries of the collected literature:

« Section/aligned Summaries. LLMs can be guided to produce literature-review style write-ups. For example, one can prompt an LLM to
“write an introduction for a related work section based on the retrieved summaries of top papers.” Zaidilyas’s pipeline includes a

“Literature Review Generator” that produces a cohesive review from multiple PDFs ([M] medium.com) ([45] medium.com). It uses a
map-reduce tactic: each paper is summarized, then those summaries are combined into a structured narrative ([36] medium.com). The

final review is organized into topics (Introduction, Related Work, Results, Research Gaps, Future Directions) (MGJ medium.com).

« Theme-Based Synthesis. Al workflows can identify common themes or taxonomy. Knowledge graphs or topic modeling can detect
clusters of papers around similar concepts. InfraNodus (Nodus Labs) demonstrates using graph analysis on paper abstracts to find

thematic clusters, then having an Al label them ([47‘ support.noduslabs.com) (‘48] support.noduslabs.com). For example, a literature
graph might show that most gut-microbiome papers focus on “microbial impact” or “metabolic health”, as seen in InfraNodus’s case ([49}

support.noduslabs.com). The Al could summarize these themes, helping researchers see big-picture trends.

+ Trend and Gap Extraction. By comparing topics over time or by footnote analysis, the Al can highlight emerging areas. In Han et al.
(2024), part of the RAG-based review framework is detecting “current status, existing gaps, and emerging trends” ([50] www.mdpi.com).
LLMs can also explicitly answer “What are the open research questions?” using clues from the text (e.g. phrases like “future work” in
papers).

« Automated Survey Generation. There are prototype tools that take a cluster of papers and output a survey-style summary. For instance,
the LLAssist tool claims to “streamline literature reviews” by extracting key information and evaluating relevance to a question (L51J
arxiv.org). Although details are scant, the goal is clearly to turn a set of papers into an automated summary, letting the researcher focus
on analysis rather than initial skimming.
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In practice, summarization tasks will be iterative. A first-pass LLM summary may be refined by reviewing references or by
another Al pass focusing on different aspects (methods vs results vs conclusions). The final output could serve as a draft
of a related work section, complete with integrated citations. Importantly, multiple LLM passes ensure coherency across
the whole corpus rather than independent isolated summaries.

6. Knowledge Graphs and Visual Analytics (Optional but Powerful)
Some workflows enrich textual analysis with graph or network representations:

+ Knowledge Graphs. A knowledge graph (KG) structures information in triples (entity—relation—entity). In research, one might encode that
Paper A —“studies” — Disease X, or Method Y —“outperform” - Method Z by metric M. ORKG (Open Research Knowledge Graph) is a

project that manually plus automatically populates KGs for research contributions (U] www.degruyterbril.com). The authors argue that
graph representation makes literature machine-readable and enables novel queries (e.g. filter studies by features). A scholarly KG can

generate tables comparing approaches on key dimensions ([1] www.degruyterbrill.com).

+ Thematic Graphs. Tools like InfraNodus create co-occurrence graphs of terms extracted from abstracts or conclusions (WJ
support.noduslabs.com) G support.noduslabs.com). In the graph, nodes are concepts or keywords, edges signal similarity or co-
mention. Visualizing this graph helps scholars spot major clusters (themes) and gaps. InfraNodus’s example shows clusters like
“microbial impact” and “dietary strategies” for gut microbiome papers (%) support.noduslabs.com). Graph analytics (e.g. community
detection) can reveal lesser-known connections, which the Al can then highlight (“weak signals”).

* QI&A on Graphs. Advanced interfaces might allow querying the graph. For example, a user could ask, “Show me papers that connect
respiratory viruses with immune response” and the system queries a KG. Or, “Highlight topics that increased since 2020 in this field” by
filtering by year. These features lie at the frontier of RAG workflows, but they illustrate a path: combining text retrieval with semantic
graphs.

Though building KGs requires effort (some manual curation), semi-automated methods exist for extracting relationships
from text. For example, named entity recognition (NER) and relation extraction models can populate graph nodes and
edges (°? support.noduslabs.com). Then, an LLM can articulate findings by reading the graph structure. For instance,
given a graph of topics, an Al could say “Most papers discuss factors A, B, C, but only X mention factor Z" — essentially
reading the graph as data.

Knowledge graphs and visualization are not strictly necessary, but they enhance understanding. The workflow can be
enriched by integrating these steps as optional branches.

7. Writing Assistance and Citation Management

The ultimate goal often is writing a document (paper, grant, report) with references. Al can assist here too:

« Drafting and Paraphrasing. LLMs can rewrite points in an academic style. For example, after retrieving evidence, one can prompt:
“Compose a paragraph on [topic] using these notes and citations.” The text can be post-processed to ensure originality and accuracy.
Grammarly-like tools (e.g. Scholarcy, Writefull) already target academic language editing. Recent features like ChatGPT'’s “Code
Interpreter” (or GPT-4 Turbo with local file access) can even output formatted citations or handle LaTeX.

« Citation Tools. Integrating reference managers (Zotero, Mendeley, Paperpile) with Al may streamline bibliography tasks. Some plugins
allow ChatGPT to look up citation metadata by DOI. Al can suggest missing citations or check that all statements have support. A
proposed future is “semantic citation search”: e.g. a claim in text triggers an Al to find the most relevant citation. While not mainstream
yet, early prototypes exist.

« Automated Reporting. In specific domains, end-to-end Al pipelines for entire reports have been demoed. For example, OpenAl’s Elicit or
SciSpace aim to answer research questions by aggregating evidence. While not replacing a skilled author, such tools can auto-generate
background sections or highlight numbers for tables, reducing manual burden. The Al workflow can output structured bullet points or even
LaTeX-ready text.

In summary, after gathering and processing the literature, Al can accelerate the writing phase by turning structured
insights into prose. It's important that humans review and refine the content, especially to ensure logical coherence and
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to add critical interpretation. But even if Al does only 50% of the initial draft or reference insertion, the time saved is
significant.

Example Al Workflow and Performance Metrics

To make the discussion concrete, consider a hypothetical Al workflow for a researcher studying “2D image segmentation
with semi-supervised learning”. The steps might be:

1. Define query: Formulate a search transcript (LLM-generated) to find papers on “2D image segmentation semi-
supervised”.

2. Retrieve papers: Use arXiv and IEEE APIs to obtain 300 papers from 2020-2025.

. Process PDFs: Extract text from all PDFs, chunk by page.

HA W

. Build Index: Use OpenAl embedding model to embed each chunk; store in FAISS vector DB.
. Triaging: Query the DB for “lightest model” or “best accuracy” to find top 50 relevant frames.
. Summarize each paper (Map): Prompt GPT-4 to summarize findings of each paper chunk within limits.

. Final summary (Reduce): Prompt GPT-4 to generate a combined narrative: introduction, related work, gaps.

o N o o

. Conversational QA: Ask questions like “Which datasets are used across papers?” or “Which paper introduced novel
loss function?”; each answer cites source.

9. Review and edit: Human reads output, verifies references, and finalizes writing.

Such a pipeline, implemented by an engineer, might involve Python (for API calls and vector DB), and LLM APIs or open
models.

Empirical comparisons (cf. Xu 2025) illustrate the benefits of Al triage in step 5. For example, GPT-4 as a screening tool
achieved recall around 0.80-0.88 in finding relevant abstracts (even in complex systematic reviews) (°!
pme.ncbi.nlm.nih.gov). In contrast, a baseline such as Abstrackr managed only ~0.60-0.65 recall (1°/ pmc.ncbi.nim.nih.gov).
High recall is crucial in literature review to avoid missing key studies. GPT-4’s precision (specificity) was also ~0.80—-0.83
(B pme.nchi.nim.nih.gov), meaning it excluded many irrelevant papers correctly. Importantly, GPT-based screening cut the
time per paper dramatically: Xu et al. report the average screening time fell from 8 minutes (manual/Abstrackr baseline)
to about 1.2 minutes with GPT, a ~70% reduction (I’ pmc.ncbi.nlim.nih.gov). Over 10,000 titles, this meant ~$200 total AP|

cost (°° pmc.nebi.nim.nih.gov), which is quite economical given the human labor saved.

For summarization (step 7), Ali et al. (2024) measured system ROUGE scores. They compared a simple spaCy keyword
extractor, a T5 transformer, and GPT-3.5 on generating literature reviews (°°! arxiv.org). GPT-3.5 (used with RAG)
achieved the highest ROUGE-1 (0.364) on the tested dataset, significantly above T5 and the frequency-based method.
This suggests LLM approaches can produce more overlapping content with reference summaries, reflecting better
coverage. In general, LLMs like GPT-4 can create fluent multi-document summaries that humans find useful, though
exact metrics vary by domain.

The following table compares screening approaches referenced above:

System Recall (Sensitivity) Precision/Specificity Screening Time/Paper Notes
[17] 71 Open-source, fuzzy keyword tool. Cuts time ~30-50% from
~0.60-0.65 ( o ~3-5 min ( 7] ) .
Abstrackr ) ) (prioritizes recall) ) . manual (' PMc.ncbi.nlm.nin.gov). requires
pmc.ncbi.nim.nih.gov) pmc.ncbi.nim.nih.gov)

manual verification.

7
[17] 7 LLM screening cuts time ~70% ([ ]
GPT-3.5 ~0.75 ( ~1.2 min (

~0.75 (balanced approach) pme.ncbi.nlm.nih.gov). cost ~=$200 per 10k
(API) : : : :
pmc.ncbi.nim.nih.gov) pmc.ncbi.nim.nih.gov) 53
pavers (°2) pmc.nchi.nim.nih.gow.
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System Recall (Sensitivity) Precision/Specificity Screening Time/Paper Notes

[17] [34] 7 Highest recall/specificity. Very effective at excluding irrelevant
GPT-4/ 0.80-0.87 ( 0.80-0.83 ( ~1.2 min (

3
ChatGPT-4 studies (MJ pmc.ncbi.nlm.nih.govy. ~s200110«

papers.

pmc.ncbi.nim.nih.gov) pmc.ncbi.nim.nih.gov) pmc.ncbi.nim.nih.gov)

This table underscores that RAG-driven filtering (using GPT in this case) substantially outperforms older tools and
dramatically reduces human effort.

Beyond screening, consider the structure of multi-paper summarization. In a sample pipeline, out of 100 input papers,
the Al workflow might produce a 2,000-word combined summary complete with ~20 in-text citations to the input papers.
Each paragraph in that summary might be traced back to parts of 3—-5 original papers. Researchers can then review (or
trust because of citations) the generated narrative, adjusting or augmenting as needed. The result is a draft related work
section in a fraction of the time writing it from scratch.

Table: Workflow Components and Functions.

Component/Tool Functionality/Role

Automated Search

(APIs) Query academic databases (arXiv, PubMed, etc.) using keywords or Al-generated queries. Retrieves papers and metadata automatically.
s

Document Ingestion Extract and parse PDFs/book chapters into clean text (with titles, abstracts, etc.). Possibly perform OCR or LaTeX parsing.

Embeddings & Vector

DB Encode documents or chunks into semantic vectors and store in a vector database (FAISS, Pinecone, etc.) for fast similarity search.

Retrieval (RAG) Given a user query, retrieve the top-k relevant document chunks from the vector DB to use as context for generation.
LLM (Generative Model) GPT/other LLM that takes the augmented prompt (query + retrieved content) and generates answers, summaries, or analysis.

Map-Reduce [37]
N Summarize each paper individually (Map), then combine to a unified review (Reduce) to manage context limits (
Summarizer

medium.com).

[46]

Conversational QA Bot An interface for asking follow-up questions about the corpus, with answers citing exact source pages (as in the Zaidilyas assistant) ( medium.co m.

Optional: Build graphs of topics/concepts (using NLP) to visualize and explore connections between papers. See InfraNodus and ORKG examples ([47‘

Knowledge Graphs 1
support.noduslabs.com)J ] www.degruyterbrill.com.

Citation Manager Maintain bibliography (using DOIs/metadata) and ensure generated text includes proper references to sources.

Visualization/Analytics Plot trends or networks (e.g. topic clusters, citation networks) using the assembled data. Aids human interpretation of results.

Each component may involve multiple sub-tools or frameworks. For example, vector DBs might use Chroma or Qdrant
with the LangChain interface; LLMs might be ChatGPT, Claude, or an open model via API; retrieval might combine dense
(embedding) and sparse (BM25) methods (I°*! www.mdpi.com).

Case Studies and Examples

In practice, we see these ideas starting to coalesce into working systems:

« RAG-Based Literature Assistant (Zaidilyas 2025). In a hands-on implementation, Zaidilyas built a “Research Assistant” that ingests
multiple PDFs (e.g. on 2D image segmentation) and generates a single structured review plus a QA bot (|55| medium.com) (‘46]
medium.com). Key features: (1) Map-Reduce summarization — each paper is summarized, then those summaries form a larger review,
preserving global context (Bﬂ medium.com). (2) Conversational RAG QA — users can ask domain-specific questions and the assistant
returns answers with exact citations. For example, it answers “Which paper claims to be the lightest model in this domain, and where is it
mentioned?” (W medium.com) by pointing to the correct PDF and page. The system used Google Gemini (LLM) for generation and
FAISS for vector search ([56] medium.com). It was able to output a draft related work quickly: “This assistant enables researchers to

quickly gear up with the latest knowledge — without drowning in PDFs” ([57] medium.com). This case illustrates the end-to-end

approach, confirming that multi-document RAG systems can perform literature reviews and Q&A tasks.

« LLAssist (Haryanto 2024). This open-source tool “streamlines literature reviews” using LLMs and NLP (L51J arxiv.org). While details are
limited, LLAssist’s abstract indicates it automatically extracts important information and scores relevance of papers to user questions,
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significantly reducing time on initial screening. It exemplifies the trend of specialized utilities built into a coherent pipeline (in this case
focusing on screening and extraction with GPT).

* Google Gemini’s File Search Tool (2025). Though not academic research, this product announcement reflects the practical application
of RAG. The File Search Tool handles chunking, indexing, and retrieval for arbitrary user files uploaded to Gemini ([39]
www.androidcentral.com). It promises verifiable outputs with citations and relevant answers even when keywords differ between

guestion and source ([58] www.androidcentral.com). Such technology, when applied to research PDFs, would allow novices to upload
their literature set and immediately get accurate Al answers grounded in those papers.

« Meta-analysis in Biomedical Reviews. Some emerging work directly employs LLM APIs for SRs. For example, Xu et al. (2025)
evaluated using ChatGPT-4 to screen abstracts and compared it to software like Abstrackr. They found that GPT-4's recall was on par
with human (~0.875 in complex tasks) and significantly better than older tools (lGJ pmec.ncbi.nim.nin.gov). They even performed cost
analysis: screening 10,000 abstracts costs only about $200 via GPT-4, and is more efficient than manual methods (|7]
pmec.ncbi.nlm.nih.gov). Other medical informatics papers have used GPT-4 for abstract screening and found it accelerates the PRISMA

systematic review process. These studies are case examples of replacing or augmenting specific review steps with LLMs, showing that
even in regulated fields (medicine), the Al approach is promising.

+ Knowledge Graph in Biomed (ORKG). Although not fully automated, the Open Research Knowledge Graph (ORKG) business-case
embodies the structured approach. In 2020, Auer et al. described ORKG as using crowd-sourced and semi-automated extraction to

encode contributions of papers in a KG ([1J www.degruyterbrill.com). With such a graph, one can generate overviews (tables comparing

results across studies) and even answer NL questions about the state-of-the-art (! www.degruyterbrill.com). It's a manual-human
hybrid case study: it shows the potential of structured machine-readable knowledge for review, complementing LLM pipelines.

« InfraNodus Visualization. A practical (though less formal) case is the InfraNodus tutorial by Dmitry Paranyushkin (2026). It guides
researchers to import abstracts/conclusions of hundreds of papers into a tool that builds a co-occurrence graph, identifies themes, and

uses Al to label clusters (*'! support.noduslabs.com) G support.noduslabs.com). While this is partly manual, it can be integrated

with RAG: a pipeline could import those clusters into an LLM prompt. For example, one could ask GPT-4: “Based on the graph of gut
microbiome papers (keywords: microbial metabolites, obesity, etc.), write an introduction highlighting these topics” (Mm

support.noduslabs.com).

Each case highlights a slice of the workflow. The overarching lesson is that combining retrieval, LLM generation, and
human oversight yields significant acceleration of literature review tasks. Where traditional approaches took weeks,
these Al workflows can produce provisional drafts in hours or days. The key is ensuring results are grounded (with
citations) and checks for bias or error are in place.

Data Analysis and Comparative Metrics

While many aspects of this workflow are qualitative, some data-driven insights and metrics have emerged from
experiments:

« Speedup in Screening: As summarized above, GPT-4 APIs drastically cut screening time. Xu et al. report a 70% time reduction per
abstract ([7‘ pmec.ncbi.nim.nih.gov). In practice, multi-paper screening that took a week of human effort might now be done in a few
hours. Additionally, economic analysis showed GPT models lower cost for scale: they estimate $200 for screening 10k articles ([531

pmec.ncbi.nim.nih.gov), which would be unaffordable for human teams.

¢ Recall/Precision Trade-off: The GPT models achieved high recall (~0.80-0.87) with balanced specificity ([6] pmc.ncbi.nim.nih.gov)

(l34J pmec.nchi.nlm.nih.gov). In systematic reviews, high recall is often prioritized (to avoid missing relevant studies). The fact that GPT
maintained recall above 0.80, even in complex reviews, is significant. Precision (~0.80 too) means analysts spend less time on false

positives. In contrast, Abstrackr’s recall could drop below 0.60 on large datasets (LGJ pmc.ncbi.nim.nih.gov).

e Summarization Quality: Quantitative measures like ROUGE show mixed but generally encouraging results. In Ali et al.'s comparison,

GPT-3.5's ROUGE-1 (0.364) was notably higher than T5 or simple NLP ([ZGW arxiv.org). While ROUGE is just one metric, it suggests
LLMs capture more relevant content. Qualitatively, users find LLM summaries more coherent. However, as the LiveScience report warns,

LLM outputs can oversimplify key details ([2] wwuw.livescience.com), a caution for trusting summary content.
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« Citation Inclusion: Anecdotally, RAG systems can often pull in references directly from papers. For instance, Zaidilyas’s assistant not

only answered queries but also generated an integrated bibliography of the uploaded papers ([4] medium.com) ([5] medium.com). A
well-designed workflow can automatically insert citations where facts are mentioned. This is a crucial quality metric: does each claim in Al

text have a backing source? The Gemini File Search case shows industry emphasis on citations for verification ([3”

www.androidcentral.com).

« User Productivity: Hard data on productivity gains is scarce in academic literature. However, surveys might reveal subjective
improvement. For instance, researchers in a small study might report that Al tools let them complete an initial survey of literature in half
the usual time. We combine this qualitative impression with the empirical screening speedup.

In summary, performance data confirm that Al can improve throughput and coverage in literature review tasks,
while maintaining acceptable accuracy. Combined with user feedback (not covered in detail here), it appears Al workflows
can reliably reduce workload. The key metrics to monitor are recall (missing studies has high penalty), precision (weeding
out noise), time saved, and honesty of answers (citations).

Multiple Perspectives and Considerations

Building an Al workflow touches on technical, practical, and ethical dimensions. Below are several perspectives and
considerations:

« Academic Researchers. Scientists may be excited by reduced drudgery, but also cautious. Concerns include Al bias (reproducing
biases from training data), over-reliance on summaries, and job displacement fears. Experts warn that one should never accept an Al
result uncritically — verification via sources is mandatory ([21 www.livescience.com). The workflow design must ensure transparency: e.g.
always show which paper/page a statement comes from, as Peters et al. insist. ([59] www.livescience.com). For reproducibility, all
queries and steps should be logged (to justify how conclusions were reached).

« Framework Developers. Tools like LangChain or Llamalndex are actively being used by developers to assemble such workflows. These
modular frameworks allow chaining together LLM calls with custom code (as seen in the DeepSeek article (BSJ deepseekpro.org)). They
also let developers implement the “semantic data structures” approach, defining structured tasks (search, relevance check, etc.) with
Pydantic schemas for reliability.

« Industry and Librarians. Academic libraries see value in Al for knowledge discovery. Projects like ORKG and other industry initiatives
highlight interest in structured open knowledge (HJ www.degruyterbrill.com). Library professionals might integrate Al workflows with
existing databases. There’s also potential in corporate R&D: companies dealing with patents or lit review can adopt RAG tools to speed
product research. In fact, Gemini’s enterprise features (e.g. File Search) target such business use.

« Educational Use. Some educators fear students might misuse Al to write papers; others see it as an opportunity to teach critical
evaluation. In any case, workflows should emphasize the role of the human researcher in guiding and validating the Al. Ideally, the
system highlights to the user how it derived answers (e.g. “answer from Raj et al. 2023, p.45”), requiring that the scholar engage with it
critically.

« Case Variety. Different fields may require adaptations. For example, medical SLRs follow PRISMA guidelines; Al tools for healthcare
must be highly precise (lGJ pmec.ncbi.nim.nih.gov). Chemistry might need LLMs that understand chemical names. Legal documents
might benefit from specialized LLMs (some law firms now use Clifford or LexGPT). Domain-specific LLMs (BioGPT for biology, MatSci
GPT for materials) are emerging; these can later be plugged into the RAG workflow to improve understanding of jargon.

« Ethical and Regulatory. Al-generated academic text must navigate issues of plagiarism and ethics. Even when summarizing, the
workflow should cite, and not reproduce large verbatim sections without attribution. The user must ensure outputs don’t violate copyright
(though summarization generally falls under fair use). Additionally, scholars should be wary of “fabricated” citations (a known LLM issue);
the architecture should mitigate this by cross-checking with actual references in the indexed documents.

Implications and Future Directions

The fusion of Al into research workflows transforms how scholarship is done, with implications including:
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« Acceleration of Discovery. By automating routine tasks, researchers can focus on innovation and complex analysis. Quick lit review
enables faster hypothesis generation. This could accelerate entire fields (e.g. drug discovery during a pandemic) by avoiding duplication
of effort.

« Democratization of Knowledge. Junior researchers or those in resource-limited settings gain powerful assistance. They need not invest
as much time hunting literature. Tools with natural language interfaces (like ChatGPT plus RAG) make complex searches accessible to
non-experts.

« Dynamic, Living Reviews. Traditional literature reviews become static documents. Al workflows could enable living literature reviews:
continually updated summaries and Q&A that evolve with new publications. This would require continuous integration of new data
(papers) into the system.

« Infrastructure Shifts. Libraries and publishers may shift toward providing APIs and better machine-readable content to fuel Al tools. The

ORKG example ([l] www.degruyterbrill.com) suggests publishers may eventually offer structured data, not just PDFs.

« Collaborative Al Systems. Future systems might involve multi-agent architectures, where one Al agent acts as “research assistant” and

another as “editor”, evaluating the output for accuracy or style. Google’s support for JSON schema and multi-agent workflows (IGOJ

www.androidcentral.com) hints at such complex orchestrations.

« Enhanced Evaluation. Research on Al workflows will grow. We'll see benchmarks for literature review bots, similar to how ML fields have
leaderboards. Metrics will be refined: e.g. how well does an Al-generated summary cover the key points?

¢ Human-in-the-Loop Models. Completely hands-off automation is unlikely; the ideal will be symbiotic. Researchers define high-level
questions and validate results. As Torre-L6pez et al. emphasize, human judgment remains crucial for “holistic” evaluation ([61] arxiv.org).
So the workflow should be designed for iterative correction (e.g. the Al asks the human to confirm ambiguous findings).

+ Domain-Specific LLMs. We anticipate more fine-tuned LLMs for academic domains. These could be integrated into RAG pipelines for
improved precision. Han et al. (2024) explicitly call for investigating domain-specific LLM and multimodal integration (LGZJ
www.mdpi.com), which would allow, for example, figures or equations in papers to be analyzed as well. Imagine a model that can parse
flowcharts in PDF and incorporate that knowledge into its answers.

« Ethical/Policy Impact. As Al becomes common in research, guidelines will form: e.g. how to cite an Al-generated literature review, how
to disclose Al assistance. Academia may need standards on Al use in scholarly writing (similar to plagiarism policies, we might have “Al-
aid” guidelines).

In sum, the future research environment may feature an Al “augmented researcher” who leverages these pipelines as a
trusted aide. Workflows will be more modular and tool-based, shifting the skillset toward prompt engineering and tool
integration. Ultimately, this could raise the bar on what individual researchers or small teams can accomplish.

Conclusion

We have outlined a vision and practical approach for building an Al-driven workflow in research, one that goes far beyond
simply chatting with a single PDF. By interconnecting advanced Al components—automated search, data ingestion,
vector retrieval, RAG-powered LLMs, summarizers, and knowledge visualization tools—researchers can transform the
literature review process. Our survey and analysis show that such workflows, though complex, yield tangible benefits:
they improve coverage and accuracy of literature screening and significantly reduce effort in summarization and writing.
The evidence includes improved performance metrics (higher recall and precision in GPT-4 screening (W
pme.nchinim.nih.gov)), demonstrable ROI (70% time saved (! pmc.ncbi.nim.nih.gov)), and successful prototypes (multi-
document RAG assistants (*°! medium.com)).

However, technology is not a panacea. We emphasize that any Al outputs must be verified. As studies highlight, LLMs
can betray trust by oversimplifying or inventing results (*/ www.livescience.com). Thus, the proposed workflows embed
controls: citing exact sources, enabling human review, and using RAG to ground answers. The researcher’s role shifts
from laborious reading to strategic oversight.
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Moving forward, continued research will refine these systems. We expect growing integration of Al with open science
initiatives (knowledge graphs, open data). Ethical frameworks will develop around Al usage. Ultimately, the goal is to
augment human intellect, not replace it: as Engelbart envisioned, technology should extend our cognitive reach (°*
deepseekpro.org). By leveraging Al thoughtfully, the scholarly community can navigate the ever-expanding literature and
accelerate the pace of discovery.

References: The report above is supported by numerous sources. Key references include a 2024 survey of Al in
systematic review methods (%' arxiv.org) (! arxiv.org), works on RAG for reviews (°°) arxiv.org) (%) www.mdpi.com), case
blog examples (* medium.com) (“®! medium.com), and experimental studies of GPT screening performance (1°!

pme.nebi.nlm.nin.gov) () pme.nebi.nim.nin.gov). All statements have inline citations to primary literature and credible reports.
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IntuitionLabs - Industry Leadership & Services

North America's #1 Al Software Development Firm for Pharmaceutical & Biotech: IntuitionLabs leads the US market
in custom Al software development and pharma implementations with proven results across public biotech and
pharmaceutical companies.

Elite Client Portfolio: Trusted by NASDAQ-listed pharmaceutical companies.

Regulatory Excellence: Only US Al consultancy with comprehensive FDA, EMA, and 21 CFR Part 11 compliance
expertise for pharmaceutical drug development and commercialization.

Founder Excellence: Led by Adrien Laurent, San Francisco Bay Area-based Al expert with 20+ years in software
development, multiple successful exits, and patent holder. Recognized as one of the top Al experts in the USA.

Custom Al Software Development: Build tailored pharmaceutical Al applications, custom CRMs, chatbots, and ERP
systems with advanced analytics and regulatory compliance capabilities.

Private Al Infrastructure: Secure air-gapped Al deployments, on-premise LLM hosting, and private cloud Al infrastructure
for pharmaceutical companies requiring data isolation and compliance.

Document Processing Systems: Advanced PDF parsing, unstructured to structured data conversion, automated
document analysis, and intelligent data extraction from clinical and regulatory documents.

Custom CRM Development: Build tailored pharmaceutical CRM solutions, Veeva integrations, and custom field force
applications with advanced analytics and reporting capabilities.

Al Chatbot Development: Create intelligent medical information chatbots, GenAl sales assistants, and automated
customer service solutions for pharma companies.

Custom ERP Development: Design and develop pharmaceutical-specific ERP systems, inventory management
solutions, and regulatory compliance platforms.

Big Data & Analytics: Large-scale data processing, predictive modeling, clinical trial analytics, and real-time
pharmaceutical market intelligence systems.

Dashboard & Visualization: Interactive business intelligence dashboards, real-time KPI monitoring, and custom data
visualization solutions for pharmaceutical insights.

Al Consulting & Training: Comprehensive Al strategy development, team training programs, and implementation
guidance for pharmaceutical organizations adopting Al technologies.

Contact founder Adrien Laurent and team at https://intuitionlabs.ai/contact for a consultation.
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DISCLAIMER

The information contained in this document is provided for educational and informational purposes only. We make no representations
or warranties of any kind, express or implied, about the completeness, accuracy, reliability, suitability, or availability of the information
contained herein.

Any reliance you place on such information is strictly at your own risk. In no event will IntuitionLabs.ai or its representatives be liable
for any loss or damage including without limitation, indirect or consequential loss or damage, or any loss or damage whatsoever arising
from the use of information presented in this document.

This document may contain content generated with the assistance of artificial intelligence technologies. Al-generated content may
contain errors, omissions, or inaccuracies. Readers are advised to independently verify any critical information before acting upon it.

All product names, logos, brands, trademarks, and registered trademarks mentioned in this document are the property of their
respective owners. All company, product, and service names used in this document are for identification purposes only. Use of these
names, logos, trademarks, and brands does not imply endorsement by the respective trademark holders.

IntuitionLabs.ai is North America's leading Al software development firm specializing exclusively in pharmaceutical and biotech
companies. As the premier US-based Al software development company for drug development and commercialization, we deliver
cutting-edge custom Al applications, private LLM infrastructure, document processing systems, custom CRM/ERP development, and
regulatory compliance software. Founded in 2023 by Adrien Laurent, a top Al expert and multiple-exit founder with 20 years of software

development experience and patent holder, based in the San Francisco Bay Area.

This document does not constitute professional or legal advice. For specific guidance related to your business needs, please consult
with appropriate qualified professionals.

© 2025 IntuitionLabs.ai. All rights reserved.
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