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Executive Summary

Retrieval-Augmented Generation (RAG) is a cutting-edge Al approach that integrates a large language model (LLM) with
an external knowledge retrieval system, allowing the Al to draw on a company’s private data when answering questions.
In practice, RAG enables models to “ground” their responses in actual records (e.g. lab notebooks, databases, policy
documents), drastically improving accuracy and trustworthiness (I*! time.com) (?/ www.techradar.com). Modern RAG setups
have been adopted by major tech firms (Microsoft, Google, Amazon, Nvidia) to empower domain-specific Al assistants (\*!
time.com). In research-intensive industries like pharmaceuticals, RAG promises to unite siloed data in Electronic
Laboratory Notebooks (ELNs), Laboratory Information Management Systems (LIMS), and enterprise file shares (e.g.
Egnyte) under a single question-answer interface (! intuitionlabs.ai) (? www.techradar.com).

In this report, we provide an in-depth technical roadmap for building RAG over internal repositories. We first explain
RAG'’s architecture and advantages: it retrieves relevant text snippets (via vector/BM25 search) and appends them to the
query so the LLM generates answers grounded in evidence (! time.com) (“ intuitionlabs.ai). We then survey the typical
data sources in a research organization. ELNs contain unstructured experimental notes (text, images, tables, protocols),
LIMS hold structured assay and inventory records, and platforms like Egnyte serve as centralized file repositories. Each
source requires tailored preprocessing (e.g. text extraction, table parsing, ontology mapping) before indexing in the RAG

system ([5] intuitionlabs.ai) ([G] www.egnyte.com).

Our report examines the end-to-end RAG pipeline: content extraction (using PDF/OCR libraries, databases queries),
intelligent chunking of long documents, embedding generation (via OpenAl/Cohere/HuggingFace models), and indexing
in fast search engines (FAISS, Elasticsearch-HNSW, etc.). Retrieval combines semantic vectors and keyword search,
often in a hybrid scheme to boost recall (") www.egnyte.com) (?) www.techradar.com). The top-K retrieved passages are
then reranked (via a cross-encoder) before being fed to the LLM as contextual prompt. Finally, the LLM generates an
answer, which can include citations back to the original sources for transparency. We detail best practices at each stage,

8 [9]

drawing on published case studies (e.g. Egnyte’s implementation) and experimental results (°/ www.egnyte.com) (

www.egnyte.com).

We also present quantitative data demonstrating RAG’s impact. For instance, a hybrid retrieval approach (vector + BM25)
improved top-10 answer accuracy from ~86% to ~89% on internal Q&A tasks (I’ www.egnyte.com). In pharmaceutical
research, RAG-enabled tools (e.g. “Rag2Mol” for molecule generation) have achieved state-of-the-art performance by
leveraging experimental databases (I*”! intuitionlabs.ai). Early adopter surveys suggest RAG can cut research overhead by
simultaneously mining legacy data and current literature (' intuitionlabs.ai) (*?! www.techradar.com). However,
implementing RAG is non-trivial: special engineering is needed to handle tables and structured data (a common format in
LIMS) (°) www.egnyte.com), and strong governance is required to protect sensitive information (**/ petronellatech.com) (4!

thenewstack.io).

In conclusion, RAG over internal repositories promises a “superhuman search” capability ("> www.techradar.com):
scientists can pose natural-language queries (e.g. “What were the assay results for compound X?") and get answers
synthesized from their own lab’s data, with sources cited. This approach can greatly accelerate discovery and improve
decision-making by breaking data silos () intuitionlabs.ai) (*° www.techradar.com). Our report provides a comprehensive
guide — from architecture to tools to pitfalls — for research organizations aiming to harness RAG on ELNSs, LIMS,
Egnyte, and similar systems.

Introduction and Background

Scientific research is increasingly data-driven. Modern laboratories routinely generate terabytes of information:
experimental procedures, spectrometry outputs, assay results, inventory lists, safety protocols, and more ('
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intuitionlabs.ai). Traditional data management tools (ELNs and LIMS) help record this work, but each operates in relative
isolation (“") intuitionlabs.ai). For example, an ELN might contain a chemist's multi-step synthesis notes (in narrative or
table form), while a LIMS stores the same samples’ purity analyses and storage conditions in a relational database (\*"
intuitionlabs.ai). Meanwhile, general files such as SOPs, patents, meeting minutes or external literature may reside in
network drives or content management platforms (e.g. Egnyte). Researchers often find valuable information trapped in
these silos: answering a query like “What were the last dissolution-test results for tablet batch 1234?” may require cross-
referencing multiple systems manually. This fragmentation slows progress and risks overlooking critical insights.

Large language models (LLMs) offer a tantalizing solution to unify knowledge. They can parse and synthesize text,
potentially serving as personal Al assistants for researchers. However, LLMs have two key limitations in this domain.
First, they are trained on general web corpora and have knowledge cutoffs, so they do not “know” a laboratory’s
proprietary data by default (“*] intuitionlabs.ai). Second, LLMs tend to hallucinate—presenting plausible but false
statements when the answer isn’t in their training set. In high-stakes settings like drug R&D or compliance, hallucinations
(e.g. citing a nonexistent protocol) can have serious consequences.Retrieval-Augmented Generation (RAG) emerged to
address exactly these shortcomings (! time.com) (“ intuitionlabs.ai). In RAG, when a user asks a question, the system
first retrieves documents or data shards relevant to the query from an external knowledge base (“non-parametric
memory”), then feeds those snippets into the LLM alongside the query. The LLM thus generates answers strictly based
on the retrieved context (! time.com) ("°) vwww.techradar.com). This hybrid approach combines the LLM’s language fluency
with real, up-to-date content. As Time magazine notes, RAG “allows Al models to answer queries by drawing on external
texts, be it company documents or a news website. It can also reduce hallucinations and even give models access to up-
to-the-minute information” (! time.com). In other words, RAG effectively grounds generative Al in evidence.

The concept of RAG was formalized by Lewis et al. in 2020 (*?) studylib.net), and since then it has gained rapid traction.
Industry leaders like Microsoft, Google, Amazon, and OpenAl now embed RAG architectures in their enterprise Al
offerings. Microsoft’s Al Copilot for Office, for instance, uses a RAG-like approach to answer based on a user’s own
documents. Early product case studies report users finding information much faster: Egnyte’s rollout of RAG-powered
query features “allowed users to quickly find and synthesize information from vast document repositories with accuracy

and context” (L2UJ www.egnyte.com).

In the scientific realm, RAG holds promise for laboratories to build “superhuman” knowledge assistants. Rather than
feeding LLMs fixed training data, RAG can access the latest experiment results and internal literature on demand (™
time.com) (*°) www.techradar.com). For example, a researcher could ask a RAG system, “Has compound X been tested in
any gene expression assay for kinase Y?” The system would retrieve relevant ELN entries (experiment notes), LIMS
assay records, and perhaps a PDF of published data, and then generate an answer citing the specific data sources. Early
reports from pharma tech companies affirm this vision: according to IntuitionLabs, RAG-based platforms let scientists
“query information from our vast internal knowledge base that includes technical documentation, lab reports, meeting

summaries, and more” (**/ intuitionlabs.ai).

This report explores how to set up an enterprise RAG system over internal research repositories like ELNs, LIMS,
and Egnyte. We cover the historical context, technological components, practical case studies, and future outlook. After
outlining RAG’s core framework, we analyze each data source’s characteristics and how to integrate it. We delve into the
retrieval pipeline — from document parsing and embedding to vector search and prompt engineering — with extensive
references. We examine evidence (benchmarks, expert quotes, and industry reports) to quantify RAG’s benefits and
limitations. Finally, we discuss data governance, security, and emerging trends (e.g. knowledge graphs, multi-modal
content) that shape RAG’s future in research settings.

The RAG Framework and Architecture

RAG (Retrieval-Augmented Generation) is an Al architecture that combines pre-trained generative models with an
external retrieval mechanism ("' time.com) (1 intitionlabs.ai). Intuitively, it “marries information retrieval with text
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generation,” enabling an LLM to be updated in near real time with fresh or proprietary content (! intuitionlabs.ai). The
standard RAG workflow involves three stages:

« Retrieval: Given a user’s query (in natural language), the system searches its indexed knowledge base (which may
include internal documents, databases, etc.) to find the most relevant text snippets or records (““) www.egnyte.com)
(“Vintuitionlabs.ai). This often uses semantic vector search (embeddings + approximate nearest neighbor) optionally
augmented by keyword/BM25 search (") www.egnyte.com) () www.techradar.com).

« Augmentation: The retrieved documents (or selected excerpts) are concatenated with the original query to form an
augmented prompt (%l www.egnyte.com) (! intuitionlabs.ai). This gives the LLM the contextual information it needs to
answer accurately. For example, if the query is “What is the melting point of compound Z?”, the context might include
lab notes stating “compound Z melts at 150°C under the procedure...” drawn from an ELN entry.

» Generation: The LLM processes the augmented prompt and generates a response, typically conditioned to use only
the given context. Because the answer is derived from real data, the risk of hallucination (inventing facts not in the
sources) is greatly reduced (* time.com) (*°) www.techradar.com). The LLM output can also be post-processed to
extract citations or confirm facts.

This approach contrasts with a standalone LLM: by coupling with retrieval, RAG effectively creates a system that acts like
“search + chat.” As one reviewer put it, RAG “shrinks the gap” between Al output and reality by tying answers to verifiable
sources (I*! intuitionlabs.ai). A helpful analogy is that RAG turns an LLM into a “superhuman search engine” (*°!
www.techradar.com) — it not only finds relevant documents but synthesizes them into fluent answers.

Advantages of RAG

« Accuracy & Freshness: Because RAG answers are explicitly based on retrieved data, their factual correctness
improves. Contemporary references note that grounding the model with real data dramatically reduces hallucinations
(M time.com) (*°) www.techradar.com). For businesses, this means the Al can cite actual policy or research
documents. RAG also bypasses the model’'s knowledge cutoff: if a new lab result or a latest publication exists in the
index, RAG can incorporate it immediately (! time.com) (** thenewstack.io).

- Domain Adaptability: New data sets (proprietary or updated) can be added to the RAG corpus without retraining
the LLM. Unlike finetuning large models with each data update (which is costly and static), RAG simply adds the new
content to the vector database (*“! intuitionlabs.ai) (“! intuitionlabs.ai). This also means organizations can maintain
multiple domain-specific knowledge bases easily.

« Transparency: Many RAG implementations are designed to “cite their sources.” After generating an answer, the
system can list which document excerpts it used. This is not typical of standalone LLMs, but it gives end-users (e.g.
scientists) the ability to verify the Al's claims (! time.com) (*°) www.techradar.com). For example, Egnyte’s RAG Q&A
attaches references back to the original file sections, allowing users to drill down if needed.

Historical Context and Core Research

The seminal RAG architecture was introduced by Lewis et al. (2020) ([191 studylib.net). Their work fine-tuned seg2seq
transformers by supplying them with retrieved passages from Wikipedia, via a neural retriever. They demonstrated two
variations: one where the same retrieved passages were used for all generated tokens, another where different passages
could influence different parts of the answer. RAG set new state-of-the-art on the Natural Questions QA dataset (/'
studylib.net), proving the concept that combining parametric (LLM) and non-parametric (retrieval) memory yields more
knowledgeable generation.

Since then, RAG has evolved in both academia and industry. Extensions include agentic RAG (RAG with planning and
retrieval loops), multi-hop RAG (chaining multiple retrieval rounds), and multi-modal RAG (incorporating images or
graphs) (“ intuitionlabs.ai) (**' www.techradar.com). Frameworks like LangChain or GPT Index now provide out-of-the-box
utilities for RAG pipelines (doc loaders, vector DB interfaces, prompt templating). Nevertheless, implementing a robust
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RAG system in an enterprise requires careful engineering: data ingestion at scale, index management, latency
optimization, and privacy controls must all be managed (“°' www.egnyte.com) (") petronellatech.com).

In the next sections, we discuss how RAG's principles are applied to the specific case of internal research data, the
architecture choices involved, and the practical evidence of RAG’s impact.

Internal Research Repositories and Data
Sources

Research organizations typically maintain several classes of internal data systems that together form a sprawling
knowledge base. Understanding their characteristics is crucial for designing a RAG pipeline.

« Electronic Lab Notebooks (ELNs): ELNs are digital replacements for paper lab notebooks. Researchers record experimental
procedures, observations, and results in ELNs, often in a semi-structured or free-form manner. An ELN entry might mix text narrative

(“Day 1: Dissolved compound Z in solventA...” ([271

www.egnyte.com)) with tables of quantitative results (e.g. yield percentages,
instrument readouts), figures (spectra, photos), and metadata (timestamps, author, experiment ID). Unlike standard documents, ELN
content can be highly heterogeneous. For example, one ELN template might log multi-step synthetic procedures step-by-step, while
another logs genomic assay parameters in a spreadsheet. As IntuitionLabs notes, ELNs capture “synthetic chemistry steps, NMR data,

purity analyses” or cell-culture results, but this rich data becomes useful only if it can be queried (|28| intuitionlabs.ai).

o Laboratory Information Management Systems (LIMS): LIMS are highly structured databases designed to manage lab operations.
They typically track samples, reagents, instrument outputs, and workflows. A LIMS record might include a sample ID, its source, process
steps, QC results, and its current storage location. Because they are mostly database-driven, LIMS data is very structured (rows and
columns), unlike the free text of ELNs. For example, a LIMS might store “ [Sample 12345] — Date measured, Method, Result Value,
Technician” in fields. These systems ensure compliance and traceability. However, querying a LIMS often requires custom queries or
GUIs specific to that system.

« Enterprise File Repositories (e.g. Egnyte): Many organizations use file-sharing platforms (Egnyte, SharePoint, Google Drive) for
general document storage. These repositories can contain diverse content: SOP PDFs, Word documents, spreadsheets, unpublished
reports, correspondence, etc. Egnyte, for instance, may hold thousands of documents across departments. Critically, these repos often
contain both relevant data (e.g. a PDF of a lab meeting’s slide deck with test plans) and irrelevant content. Egnyte’s own documentation
highlights that without Al, one would have to search file names or folder structures; RAG aims to search within the content of these files

(% www.egnyte.com).

« Institutional Knowledge Bases: Beyond technical data, organizations have “institutional knowledge”: corporate wikis, past project
archives, publication libraries, and knowledge graphs. This includes anything from retired investigators’ notes to an internal database of
all researched drug targets. IntuitionLabs emphasizes that RAG must eventually unify ELN, LIMS and this broader knowledge (patents,

SOPs, meeting minutes) under one framework ([30] intuitionlabs.ai) ([4] intuitionlabs.ai). In advanced implementations, knowledge

graphs might be built to connect entities (genes, compounds, diseases) across systems ([4] intuitionlabs.ai).

Table 1 below summarizes these source types and how one might approach integrating them into a RAG system:

Repository R
'y Data Example RAG Integration Strategy Example Tools/Notes
pe
ELN (Lab Narrative & tables of Extract text from entries (including OCR for images), chunk long records into digestible Unstructured parsing (PDF/OCR), LangChain TextSplitter,
Notebook) experiments (text, images) pieces, preserve table structures, embed each chunk. LLM-based table parsers.
LIMS (Lab DB) Structured assay records, Export database views (CSV/JSON), convert records or flowsheets into text or SQL queries, Pandas for preprocessing, graph DB (Neo4j),
al
sample metadata embeddings, or build a knowledge graph; index numeric results separately. specialized LLM plugins.
Egnyte (File Documents, spreadsheets, Use document parsers to extract text/tables, segment multi-format files (e.g. convert to PyMuPDF/Pandoc/unstructured, Elasticsearch (BM25 +
Share) images, PDFs markdown), generate embeddings for each chunk, combine with keyword indices. HNSW), Egnyte API.
Knowledge Ontologies of compounds, Query graph DB for relevant facts (nodes/edges) as part of retrieval; inject graph- RDF/SPARQL engines, graph embedding models (Transk,
Graph targets, assays derived text or embeddings into RAG. ComplEx), Mindwalk Al frameworks.

Table 1: Common internal data sources (ELN, LIMS, Egnyte) and how they can be prepared for RAG. Each requires
different preprocessing (e.g. ELN text extraction vs. LIMS SQL export) () intuitionlabs.ai) (°) www.egnyte.com).
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As Table 1 indicates, each data source poses unique challenges. For ELNs, the unstructured nature and mixed media
(images, free text, tables) demand flexible parsers. For example, Egnyte engineers found that converting tabular data into
plain text lost important relationships, leading them to implement specialized table extraction that preserves row/column
context (1" www.egnyte.com). LIMS, being structured, might seem easier, but bridging them to RAG often requires turning
each record into a textual synopsis or translating them into a knowledge graph. Several industry reports suggest
combining LLMs with knowledge graphs can capture relational facts that static text cannot (1 intuitionlabs.ai). Egnyte-style
file repos typically require a hybrid of semantic and keyword search: one might embed the file contents for semantic
similarity, while also indexing metadata (file names, tags) for keyword queries (") viww.egnyte.com) ( www.techradar.com).

In practice, many RAG deployments create a unified knowledge index that ingests content from all these sources.
Documents and database extracts are broken into “chunks” (e.g. a paragraph, a table row) and stored with an embedding
vector. RAG users can then query this corpus without knowing where each piece originally lived. We explore an example
of such an implementation in the section on Egnyte’s system below.

Building a RAG Pipeline over Internal Data

Constructing a RAG system involves several sequential components, which we outline here. At a high level, the pipeline
consists of: (1) data ingestion and preprocessing, (2) embedding and indexing, (3) query-time retrieval, and (4) answer
generation. Each step must be adapted to the scientific data context.

Data Ingestion and Preprocessing

The first step is to extract content from your repositories. This typically means:

« Document Parsing: For files (PDFs, Word docs, lab notebook exports, spreadsheets), use document parsers to extract text. Tools like
unstructured, PyMuPDF, Apache Tika, or OCR libraries (Tesseract, Google Vision) are commonly used. Egnyte’s RAG pipeline, for

instance, employs PDF parsers and OCR to get plain text from uploaded files (L3lJ www.egnyte.com). Audio/video recordings might be
transcribed via speech-to-text if relevant. The goal is to turn each source into one or more text blocks.

« Table Extraction: Tables and charts are often critical in lab data. Simple text extraction will flatten tables, losing structure ([[jI
www.egnyte.com). Egnyte discovered that queries requiring tabular reasoning (“How many units of reagent X were used each day?”)
demand preserving the table format. Solutions include converting tables to Markdown or JSON representations for the LLM (as Egnyte
ultimately did) (|32| www.egnyte.com). Open-source libraries (Camelot, Tabula, pandas’ read_excel) can parse spreadsheet/pivot tables,
while HTML or Markdown conversion retains headers.

« Data Transformation: For LIMS or databases, content may need to be transformed. Options include: exporting records to CSV/JSON
and treating each row as a “document”, generating narrative descriptions of each entity, or constructing a mini-ontology. For example, one
could write: “Sample 12345 (Solution A, pH 7) — measured conductivity 2.3 mS at 10:00 AM” as a text chunk. In some cases, building a
knowledge graph (KG) is useful, where entities (compounds, assays) and relations (tested in, yields, categories) are explicitly modeled

(14] intuitionlabs.ai). The KG can either be queried directly or linearized into text.

« Cleaning and Chunking: Once raw text is obtained, it should be cleaned (remove duplicates, fix OCR errors) and split into manageable
chunks. Common practice is to break documents on paragraph boundaries or every ~500-1000 characters, though this can be adjusted.

Egnyte used a RecursiveCharacterTextSplitter to segment retrieved text into ~1000-character chunks (‘33‘ www.egnyte.com). Proper
chunk size balances context (too small loses coherence) against token budget limits (too large wastes context window). Tables may be
kept intact as one chunk if concise, or sectioned logically (e.g., one row per chunk with column headings since Egnyte ultimately did).

During ingestion, it's also wise to collect metadata for each chunk: source document ID, file path, author, date, data type
(title, table caption, etc.) (*“! www.egnyte.com). This metadata enables faceted search and permission filtering later. For
instance, Egnyte adds a “Type” field so it can identify whether a chunk is text, a table, an image caption, etc. (!

www.egnyte.com).
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Key Point: Robust ingestion is crucial. Mistakes (e.g. mis-OCR of a number) will propagate to answers. It is often worth
manual spot-checking and iterative refinement of the parsing pipeline. Egnyte’s experience—evaluating multiple libraries
and formats—underscored that no single tool sufficed for all cases (°°! www.egnyte.com). A best practice is to test the
extraction on representative lab documents and refine the chunking and format (Markdown, JSON, etc.) for optimal
downstream RAG performance (°?/ www.egnyte.com).

Embedding and Indexing

Once we have cleaned, chunked content, the next step is to create embeddings and build indexes:

« Embedding Generation: Each text chunk is transformed into a vector using an embedding model. Common choices include OpenAl’s
text-embedding-ada-002, Cohere embeddings, or HuggingFace models (e.g. sentence-transformers like all-miniLm ). Egnyte’s
architecture generates embeddings for every chunk and indexes them (m www.egnyte.com). If data sensitivity demands on-prem or
specialized models (e.g. HIPAA-compliant co-processor), fine-tuning or self-hosting a transformer might be necessary. The embedding
model should be chosen based on your domain: a biomedical embedding model or proprietary model may better capture scientific
terminology than a general-purpose one.

« Vector Database (Index): The embeddings are stored in a vector database or search engine that supports nearest-neighbor queries.
Options range from FAISS (Facebook Al Similarity Search) for in-memory search, to managed services (Pinecone, Qdrant, Weaviate) or
even Elasticsearch with the HNSW plugin ([36] www.egnyte.com). Egnyte uses Elasticsearch’s HNSW integration, leveraging their

existing Elasticsearch expertise (WJ www.egnyte.com) (BGJ www.egnyte.com). Each chunk’s record in the index includes its embedding
vector and relevant metadata.

« Hybrid Indexing: For best recall, it is common to create both a semantic (vector) index and a keyword index (BM25). The keyword
index allows exact matching on important terms or metadata (e.g. chemical names, document tags), which pure vector search might
miss. Egnyte’s system indeed combines vector search results with BM25 results, filtering with metadata to respect permissions and
improve precision (B” www.egnyte.com) (171 www.egnyte.com). This blend often yields higher retrieval accuracy, as confirmed by
empirical studies (e.g., a cited analysis found hybrid search improved top-10 retrieval accuracy from 86.26% (BM25 alone) to 88.66% on

a QAtask) (I www.egnyte.com).

« Scalability Considerations: Research repositories can be large (thousands of experiments, millions of data points). Indexing must be
efficient. Egnyte notes that indexing can explode: a 1 MB file might produce hundreds of chunks and as many vectors (Bzﬂ
www.egnyte.com). Thus, it's important to incrementally update indexes (e.g. processing only new/changed files) and potentially

compress embeddings. Approaches like “namespace partitioning” for user data or vector quantization can help manage scale (see [32]).

« Versioning and Updates: Whenever data changes (a new SOP is added, an assay is rerun), the index should be updated. Good
practices include event-driven pipelines: Egnyte’s “indexer” service listens for file upload events, extracts text, generates embeddings,

and updates the index ([39] www.egnyte.com). Monitoring indexing latency and queue backlogs is also important, especially if tight SLAs
(e.g. requiring “fresh” data within a day) are needed.

Retrieval: Search and Filtering

At query time, the RAG system must retrieve relevant chunks from the indexes:

* Query Processing: The user’s natural-language query is also embedded into a vector and used to query the semantic index. In a simple
implementation, one would retrieve the top K nearest neighbors by vector similarity. Egnyte does precisely this with FAISS/Elasticsearch
HNSW to fetch top candidates ([40] www.egnyte.com). In parallel, the query can be run as a BM25 search against the keyword index to
catch any document mentions of the query terms. The results sets (vector-based and keyword-based) are merged and reranked. Studies

suggest this hybrid retrieval significantly outperforms either method alone ([7] www.egnyte.com) ([15] www.techradar.com).
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+ Permission and Metadata Filtering: Crucially, results may be filtered by metadata such as user permissions, project tags, or content
type. Egnyte’s RAG enforces role-based access by post-filtering the retrieved chunks so that only authorized documents are used ([37]
www.egnyte.com). For example, a regulatory dossier in the system might be viewable only by compliance officers; the RAG must not
retrieve or reveal it to unauthorized users. Similarly, if a question asks specifically about lab notebooks (e.g. “in the LIMS”), results from
other systems can be deprioritized via metadata tags.

« Reranking: After initial retrieval, the candidate chunks are often reranked by a more sophisticated model. Egnyte implements a cross-
encoder reranker: each chunk’s relevance to the query is scored by a smaller transformer model (TinyBERT, for example) (HlJ
www.egnyte.com). This cross-encoder takes the query and chunk together to output a similarity score, thus capturing nuanced matches.
Egnyte found that using such a reranker on the top 50 or 100 chunks and then truncating to top 10 improved answer quality (l42J
www.egnyte.com) ([431 www.egnyte.com). Rerankers are especially useful for short queries where nuances matter, but they add
compute cost, so limiting to a few dozen candidates is common.

* Result Compilation: The final top-K chunks (often 5-20) form the retrieved context. Some systems may deduplicate overlapping content
or ensure coverage of multiple sources. The chunks are then ordered and prepared for augmentation. At this stage, Egnyte’s pipeline

groups text by original document (and reorders by rank) to assemble a coherent prompt ([22} www.egnyte.com).

Overall, retrieval in a corporate RAG is a balance of breadth and specificity. Too few chunks may miss crucial info; too
many may overwhelm the LLM’s context window. Empirical tuning is recommended: Egnyte experimented with chunk
sizes and numbers, finding that ~10 chunks of ~1KB each was a good trade-off () vww.egnyte.com) (““J vww.egnyte.com).

Augmentation and Generation

The final phase appends the retrieved content to the query and invokes the LLM:

« Prompt Construction: The retrieved chunks are inserted into a prompt template along with the original question. A simple template might
be: “Use the following excerpts from our documents to answer the question. [Snippet 1] [Snippet 2] ... [Snippet K] Question: [user’s
question].” Egnyte goes further by prefixing each snippet with a short ID or source label, enabling the LLM to produce citations like “

[Source 3]” ([45] www.egnyte.com). They even found that short numeric IDs facilitated better processing than long UUIDs ([45]
www.egnyte.com). The prompt may also include system instructions like “Answer in a concise factual manner with references.” Prompt
engineering (e.g. adding reminders to cite sources) is critical to ensure the answer stays grounded.

¢ LLM Invocation: With prompt constructed, a pre-trained LLM generates the answer. Options include large commercial models (GPT-4,
Claude 3, etc.) or open-source (Llama 3, PaLM 2, etc.). The choice depends on domain-fitting data and budget. Egnyte’s service is
model-agnostic and selects either cloud-hosted or on-prem LLMs for embeddings and generation depending on cost/performance . The
LLM sees only the context plus query, so its knowledge is effectively “current.”

« Answer Processing: After generation, the system may perform additional steps:
« Citation Extraction: Convert in-text references to actual hyperlinks or document names.

« Quality Filtering: If the model responds “I don’t know” or hallucinates, implement fallbacks (e.g. return “No answer found” or trigger a
rephrasing).

e User Interaction: Implement chat features (follow-up questions). Maintaining chat history is helpful for context as Egnyte notes (|46|

www.egnyte.com) ([471 www.egnyte.com). Each follow-up query can be appended to the prompt history allowing the LLM to consider
previous answers and refine as needed.

« Logging and Audit: For compliance, log which documents were retrieved and how the answer was formed ([48] petronellatech.com).

Notably, Egnyte and others emphasize separating retrieval from generation even at this stage. For example, Egnyte’s
“Augmentation” blog shows that they rephrase the question first, rerun retrieval on that reformulation (improving recall),
and then run generation (I*°! www.egnyte.com). This extra step can help handle ambiguities in the original query and
ensure maximum relevant context is fetched. The generation step may also run internal consistency checks or smaller
models to vet the final output before presenting to the user.
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Tools, Frameworks, and Architectural Choices

Building a RAG system involves many moving parts. Below is a summary of key pipeline components and example
technologies often used:

RAG Pipeline Component  Role Example Tools/Approaches

Document Extraction Parse raw files to plaintext (and structured data) Unstructured (docs, PDFs), Apache Tika, PyMuPDF, OCR (Tesseract, Google Vision) ( )
Chunking/Splitting Divide content into manageable pieces LangChain TextSplitter, custom scripts (by paragraphs/tables) ( )

Embedding Generation Convert text chunks into numeric vectors OpenAl Embeddings API, Cohere Embed API, HuggingFace sentence-transformers (e.g. all-mpnet-base )
Indexing Store embeddings for similarity search FAISS (HNSW/IVF indexes), Elasticsearch (dense vector plugin) ( ), Pinecone, Qdrant
Lexical Index Optional keyword/BM25 search index Elasticsearch or Solr with BM25; Whoosh for small setups

Retrieval (Semantic) Find top-K similar chunks via vector search FAISS k-NN query, Elasticsearch HNSW ( )

Retrieval (Lexical) Find top-K chunks by keyword relevance BM25 search in Elasticsearch/Apache Lucene, filtering by metadata

Reranking Re-score retrieved chunks for final selection Cross-encoder models (e.9. ms-marco-TinyBERT-L-2) ( ), re-embedding similarity
Prompt Construction Assemble query-+context for LLM Template-based injection of retrieved text, using identifiers for sources ( )

LLM Answer Generation Generate final answer grounded in context GPT-4/GPT-3.5, Anthropic Claude, Llama 3, or domain-specific LLM finetuned on lab data

Post-Processing Format output, attach citations, handle follow-ups  Custom logic to extract “source IDs” into links, conversation memory management

Table 2: Key components in a RAG system and typical technologies. Egnyte’s RAG pipeline, for example, uses FAISS,
Elasticsearch, LangChain tools, and LLM APIs for these stages (' ) ( ).

As shown, many RAG systems use hybrid tech stacks. The choice of embedding model can affect performance: domain-
tuned embeddings (e.g. trained on scientific text) often yield more relevant retrieval than general models ( ) (

). For example, bioinformatics teams might prefer a PubMed-trained encoder when indexing life-science
literature.

Elasticsearch is popular in enterprises like Egnyte because it offers both BM25 and ANN (with HNSW) search in one
system ( ). Open-source vector DBs like FAISS offer low-latency search but require separate keyword
indices for metadata. Commercial vector stores (Pinecone, Qdrant) simplify scaling but might raise concerns about
locking proprietary data into a cloud service, especially under strict regulatory regimes. This leads to governance
considerations discussed below.

For orchestration, frameworks like LangChain or Llamalndex can accelerate development by providing connectors for
many of the above tools, automatic chaining of steps, and integration with retrieval-RAG patterns. Nonetheless,
organizations often build custom pipelines (as Egnyte did) to tightly control performance and security.

Case Studies and Real-World Examples

Multiple organizations have now built RAG-enabled systems on their internal data. We highlight a few illustrative cases:

Egnyte’s Document Q&A and Knowledge Bases

Egnyte — a cloud file storage provider — has detailed its journey in implementing RAG for enterprise document search.
Their initial Document Q&A feature allowed users to ask questions about a single file ( ) (
). However, context limits of LLMs made it necessary to adopt RAG to answer questions spanning large
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documents. Egnyte’s final solution was to generate embeddings for every document’s text (using whatever LLM API),
store them (in Elasticsearch/FAISS), and at query time retrieve the most relevant chunks via FAISS (‘) vww.egnyte.com).
In practice, when a user asks a question, Egnyte’s backend checks for pre-computed embeddings, searches top chunks
in-memory, and calls the LLM with those chunks plus the question to produce an answer (including citations) ('

www.egnyte.com).

Building on Document Q&A, Egnyte created Knowledge Base Q&A: users can designate an entire folder as a
“Knowledge Base” on which to run RAG queries (°% www.egnyte.com). For such a folder, Egnyte’s indexer service
extracts and indexes all files within, treating them as a unified corpus ([531 www.egnyte.com). The user can then pose
queries like “Give me policy on travel reimbursement,” and the system performs a hybrid search (semantic + keyword)
over that entire folder (°*! www.egnyte.com). Notably, Egnyte’s architecture enforces permissions at query time: it filters
vector search results so that users only see chunks from files they have access to (°”) www.egnyte.com) (°°!

www.egnyte.com).

Egnyte reports that customer feedback was overwhelmingly positive once RAG was implemented (“°) www.egnyte.com).
Their setup demonstrates many best practices: hybrid indexing, role-based filtering, short chunk IDs for prompt clarity,
and reranking. Quantitatively, their hybrid approach significantly improved retrieval: a cited internal study showed a
+2.4% top-10 accuracy jump over BM25 alone (Top-10 accuracy went from 86.26% to 88.66% on a test dataset) (')
www.egnyte.com). They also mention large cost trade-offs: embedding every new file is expensive, so they cache
embeddings and only re-index changed documents (°°/ www.egnyte.com).

Egnyte’s story highlights both feasibility and complexity. They tackled challenges like chunking tables (eventually storing
tables separately in markdown to avoid split-chunk issues) (** www.egnyte.com) and tuning chunk sizes (around 1KB) for
their LLM context window (*°! vww.egnyte.com). Overall, Egnyte shows how an enterprise can build a “turnkey” RAG
solution that exposes internal knowledge (file contents, policies, etc.) to LLM-driven Q&A.

Pharmaceutical R&D: ELN/LIMS RAG

Pharma companies are among the most cited benefactors of RAG technology. Research labs accumulate vast ELN and
LIMS archives; thus there is keen interest in letting an Al query across them. According to a 2023 survey by IntuitionLabs,
embedding RAG in drug discovery workflows allows scientists to “query information from our internal knowledge base
(technical docs, lab reports, meeting notes...)” with agility (?*/ intuitionlabs.ai). For example, BioSymetrics (a biotech firm)
built a RAG interface into their internal knowledge graph and LIMS to let users ask cross-system questions; one reported
benefit was that the system surfaced experimental results otherwise hidden in lab records (! intuitionlabs.ai) (°°
intuitionlabs.ai).

Academic research also demonstrates RAG’s power. The Rag2Mol project combined RAG with ML to suggest novel
small molecules: retrieving relevant chemical data to ground molecule generation, achieving state-of-the-art results and
even finding inhibitors for previously “undruggable” targets (*°! intuitionlabs.ai). Another study in medical informatics
showed that attaching RAG to a clinical term-matching pipeline boosted accuracy from ~64% to ~90% (©°! intuitionlabs.ai).
While these examples pre-process literature more than corporate ELNSs, they illustrate the principle: providing LLMs with
the right context dramatically improves their utility.

An industry example: a pharmaceutical R&D team might ask the RAG system “Which experiments used reagent Y in the
last year?” The system would retrieve relevant ELN entries (noting reagent use), LIMS records (sample inventories
showing Y), and any SOP docs, then generate an answer citing each source. IntuitionLabs emphasizes that such unified
querying is exactly RAG’s promise (! intuitioniabs.ai). It eliminates the manual cross-search of ELN search panels, LIMS
GUIs, and document drives. Preliminary market surveys (e.g. by Talbot West) suggest RAG integration can accelerate
lead optimization phases and reduce manual search time, potentially saving millions in R&D down the line (***

intuitionlabs.ai).
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However, pharma is heavily regulated, so security of data (patient info in trials, proprietary compounds, etc.) is
paramount. We explore this in the risks section, but it's worth noting pharma RAG prototypes often operate on
anonymized or clearly permissioned data.

Enterprise Knowledge and Other Use Cases

Beyond life sciences, other enterprises have reported success with RAG-like knowledge systems. Notably, in 2023
Airbnb’s data science team unveiled “Knowledge Repo,” indexing thousands of their analysis projects (°°/ medium.com).
Now their researchers can query past experiments and findings via an internal search—effectively a RAG for data
science. Tech companies like Microsoft recognized the value: internal metrics showed employees were wasting hours per
week searching for information before RAG-based tools were deployed (°°! medium.com). By 2025, 39% of UK
organizations were already using Al tools, and advisory articles note that RAG can give faster, trustworthy answers by

being grounded in corporate data (\°°' vwww.techradar.com) (“?) www.techradar.com).

In the life sciences context, a start-up perspective is exemplified by BioSymetrics’ Elion platform, which advertises “RAG
pipelines to query information from our vast internal knowledge base” (“*! intuitionlabs.ai). These pipelines have practical
effects: sales pitches claim that RAG can “slash overhead in lead identification” by mining all past experiments and latest

publications simultaneously (! intuitionlabs.ai).

On the academic side, projects like a 2025 Nature article pointed out RAG can manage expectations of Al by reducing
61]

blind spots (°* www.techradar.com). The combination of case studies and surveys consistently shows: where RAG has
been properly implemented, domain experts get more reliable, evidence-backed answers than from generic chatbots (\*!

. 5
time.com) (“"1 www.techradar.com).

Data Analysis and Evidence of Impact

Quantitative studies of RAG in specialized domains are still emerging, but available data is encouraging. We highlight
some key findings:

« Retrieval Accuracy: Egnyte’s internal benchmark (Sawarkar et al. 2024) found that a hybrid semantic+keyword
query achieved 88.66% top-10 retrieval accuracy on natural questions, compared to 86.26% using BM25 alone (m
www.egnyte.com). This aligns with general findings that semantic vectors capture meaning beyond exact term
matching. Improved recall at retrieval translates to better answer correctness downstream.

« Answer Quality: In contexts where answers require multi-step reasoning (e.g. combining two sources), RAG
significantly outperforms vanilla LLMs. The Lewis et al. (2020) paper showed RAG models beat standard seg2seq on
Wikipedia-based question answering tasks (*°! studylib.net). In drug discovery, Rag2Mol researchers achieved state-
of-art candidate generation by retrieving relevant molecular contexts (! intuitionlabs.ai). IntuitionLabs reports that
domain-specific tasks saw accuracy jumps (medical terminology mapping from ~64% to ~90%) when LLMs were
paired with RAG (°"! intuitionlabs.ai).

« User Productivity: While harder to measure, qualitative industry data suggests big gains. The time magazine profile
quotes investors in Cohere noting that RAG “can reduce hallucinations, [and provide] footnotes that you can
investigate” (‘! time.com) (1°? time.com). A techradar analyst argues that RAG’s verifiable answers meaningfully
increase user trust, shifting perceptions of Al errors to “learning opportunities” rather than system failures (°°!

www.techradar.com). One study of a corporate RAG rollout found that engineers found answers in minutes what took

hours previously using keyword search.

» Cost and Performance Trade-offs: Indexing large scientific corpora is resource-intensive. Egnyte notes that a 1 MB
PDF might split into ~250 chunks of 4 KB embedding each, requiring ~1 MB memory and more on disk for the index
(% www.egnyte.com). This scaling can impact budget. Moreover, latency can increase if chunk sizes are too large.
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Thus, companies often invest in more hardware or incremental updates. Benchmarking RAG latency (end-to-end
Q&A time) is an important metric for viability; however, specific figures are proprietary.

Overall, the available evidence indicates that RAG substantially improves the factual grounding of Al answers in
domain-specific contexts (' time.com) (*°) www.techradar.com). In an internal R&D environment, the value comes not
only from raw accuracy, but also from surfacing hidden knowledge (e.g., negative results buried in notes) and reducing
redundant work (** intuitionlabs ai).

Challenges, Risks, and Limitations

Despite its promise, RAG over internal data is a complex undertaking with several pitfalls:

« Structured Data (Tables & Graphs): As Egnyte experienced, RAG models struggle with multi-dimensional tables
when naively flattened (°/ vwww.egnyte.com). Valuable data in spreadsheets or LIMS records can be misinterpreted if
chunked poorly. Advanced processing (table-to-text conversion, graph queries) is necessary. Similarly, images and
diagrams (e.g. molecular structures, charts) are often beyond pure text LLMs’ capability. Integrating multi-modal
models or converting figures to descriptive captions is an ongoing area of work.

« Compliance and Privacy: Indexing sensitive information (patient data, Pll, unannounced IP) into a RAG vector
store creates new attack surfaces ("*°! petronellatech.com). Compliance (HIPAA, GDPR, company policies) may
require encryption, auditing, and strict access controls. For example, indexing patient assay results could implicate
privacy laws. Mitigations include namespace isolation (segregating data by project), on-demand retrieval only (not
storing raw sensitive fields), and the ability to delete specific vectors when data lifecycle ends (**! thenewstack.io) (1%
petronellatech.com). Zachary Proser of Pinecone notes that RAG allows user-specific data to remain external to the
model, and it can be deleted from the index on demand, which is better for privacy than fine-tuning (**
thenewstack.io) (1% thenewstack.io). Nevertheless, governance must explicitly address RAG: The PetronellaTech
advising outlines the need for classification, lineage, and data “vetting” before indexing (1°°! petronellatech.com) (*¢!

petronellatech.com).

- Data Quality and Bias: RAG is only as good as the indexed data. Incomplete, outdated or low-quality lab notes will
yield flawed answers. Organizations must ensure that sources are curated (e.g. discarding test data or duplicates)
and updated. Moreover, if the corpus contains errors or biases (a known issue with LIMS data), the Al will
incorporate them. Regular reviews by domain experts are recommended.

« Evaluation Metrics: Unlike standard search, evaluating a RAG system is challenging because correctness is often
subjective. Existing benchmarks like NQ or HotPotQA test open-domain QA, but enterprise scenarios lack public
datasets. Some papers (including Lewis et al.) use F1 and Exact Match on known QA sets (I*“! studylib.net), but a
corporate user usually needs confidence that the cited sources truly answer the question. Companies often resort to
A/B testing RAG vs. baseline search, or manual SME evaluation of answers. This gap in standardized evaluation is a
limitation in rapidly proving ROI.

« Operational Complexity: As noted earlier, building RAG requires orchestrating many services (ingestion,
databases, LLM APIs). Ensuring system reliability and low latency at scale can be difficult. It may require specialized

infrastructure (GPU servers, distributed indexes) and DevOps effort. Not all organizations have this expertise in-
house, which is why third-party vendors or consultancies are now emerging for RAG deployments.

In summary, RAG must be implemented with care. Technical challenges (especially around structured data and model
limitations) must be met with engineering solutions (e.g. table-specific parsing (°’) www.egnyte.com)). Meanwhile,
governance and security are not optional — as [33] emphasizes, building enterprise RAG is as much about managing risk
as about models (*° petronellatech.com). The next section discusses how to address some of these in an operational
system.
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Implications and Future Directions

Looking ahead, RAG’s impact on research informatics is poised to grow:

+ Knowledge Graph Integration: The lines between RAG and knowledge graphs will blur. As noted, some organizations are already
merging their ELN/LIMS into KGs where entities like compounds, genes, and assays are nodes (HJ intuitionlabs.ai) (1561
intuitionlabs.ai). Future RAG systems may retrieve not just text passages but also graph nodes or query results, converting them to text.
For instance, a hybrid RAG+KG system could answer “list all kinase targets where compound X had IC50 < Y” by querying the KG, then

explaining in natural language (LSGJ intuitionlabs.ai). This could enable complex multi-hop queries beyond plain-document search. Active
research is exploring “graph-augmented LLMs” to leverage graph embeddings in generation.

« Multi-Modal RAG: Lab data includes images (microscopy, gels), spectra, even raw instrument outputs. Multi-modal LLMs (those trained
on images and text) are becoming capable of interpreting figures or tables as part of RAG. Egnyte’s work on structured extraction (using
specialized pipelines for PDFs/Tables) is a first step; future systems might directly prompt an LLM that can see images to answer
questions about graphs. Nvidia and others are pushing such capabilities. For example, if a gel image is in the ELN, a future RAG system
could retrieve it and ask the LLM to read bands off the gel. This is still experimental but a likely progression.

* Agentic and Conversational RAG: Modern LLM frameworks introduce agents that plan chains of actions. In a RAG context, an agent
could iteratively retrieve, ask follow-ups, or even execute tools (like a calculator). Imagine a RAG-enabled chatbot that, upon receiving a
question, first runs a database query (via a tool), then retrieves documents, then composes an answer. The blog search results
mentioned “RAG for expert discovery with BioBERT and FAISS” by Suha Shafi (Dec 2025) as a guide, hinting at such pipelines. This
agent architecture can enable more complex workflows than a single-shot query.

* Regulatory and Ethical Considerations: As RAG becomes integral, regulators may issue guidelines on Al sources and transparency.
Already, the idea of “Al hallucinations” is drawing concern. If RAG systems cite incorrect lab results, it could be regulatory trouble. We
may see standards for “citable Al” where every fact must trace to a validated record. Moreover, as [13] notes, there are questions about

who controls the knowledge: e.g., if multiple companies pool anonymized data for RAG training, how are contributions credited ([68]
intuitionlabs.ai) ([69] intuitionlabs.ai)? Ethical frameworks for private-data RAG will evolve, likely requiring auditability and consent

mechanisms.

« Enterprise Collaboration: There is potential for cross-company RAG in precompetitive areas. The IntuitionLabs report envisions

“anonymized knowledge graphs” shared among consortiums, amplifying RAG’s power ([69] intuitionlabs.al). For example, multiple
pharma companies might pool non-sensitive data on common targets into a shared graph, enabling each to query a far richer dataset via
RAG. Initiatives like the Pistoia Alliance in pharma might drive this. However, IP and privacy issues make this challenging.

« Democratization and Low-Code RAG: Finally, as tools mature, RAG deployment will get easier. No-code RAG platforms, API-based
vector stores, and prebuilt connectors to common systems (Benchling, LabArchives for ELNs; LabWare, Thermo Ajax for LIMS; Egnyte,
SharePoint for file stores) will appear. Non-technical staff may soon configure RAG knowledge bases via GUI. The tech stack table above
illustrates components that could become managed services. For example, some vendors are working on “LLMOps” platforms that
embed governance, vector DB, and LLMs in one bundle for enterprises.

In sum, RAG is at the cusp of transforming research knowledge management. Early adopters are already harvesting
gains; a full-blown RAG-aware ecosystem (with integrated KGs, secure pipelines, and user-friendly interfaces) seems
imminent. Organizations that invest now in the data pipelines and governance structures for RAG will likely reap

competitive advantages in speed and innovation (' intuitionlabs.ai).

Conclusion

Retrieval-Augmented Generation enables large language models to transcend their static training data by tapping an
organization’s own knowledge. For research institutions and labs using ELNs, LIMS, Egnyte, and similar repositories,
RAG offers a way to unify fragmented information into a conversational QA system. This report has shown that setting up
RAG over internal data involves careful attention to data ingestion (parsing and chunking scientific documents), indexing
(semantic and keyword indices), retrieval (hybrid search and reranking), and generation (LLM prompting with context) ('’

www.egnyte.com) (‘9‘ www.egnyte.com).
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Case studies from Egnyte and the pharmaceutical industry provide concrete examples: Egnyte’s RAG pipeline now lets
users query company documents securely and has significantly improved answer accuracy (°° www.egnyte.com) ()
www.techradar.com). Pharma pilot projects using RAG report breakthroughs in data mining (e.g. discovering new drug
leads) and recall (e.g. retrieving buried experiment results) (*” intuitionlabs.ai) ((°* intuitionlabs.ai). These implementations
underscore the benefits: factuality, efficiency, and insight.

However, the path has hurdles. Handling domain-specific formats (tables, images), ensuring data quality, and meeting
legal constraints are non-trivial tasks (°°/ vww.egnyte.com) (*° petronellatech.com). We summarized strategies to mitigate
these: from specialized table extraction to privacy-by-design architectures. The key takeaway is that a robust RAG
system requires both engineering and governance rigor. Technical optimizations (like chunk size tuning (°*
www.egnyte.com) and hybrid indexing (") www.egnyte.com)) must go hand-in-hand with policies on access and auditing (**

petronellatech.com) (114 thenewstack.io).

Looking forward, RAG’s synergy with evolving Al (multi-modal models, knowledge graphs, agentic systems) promises
even richer capabilities. It could soon become routine for a scientist to query “What yields did we get in the last 5
iterations of reaction to synthesize compound X, and flag any deviations?” and get an instant, referenced answer. We
built this report to guide such integrations: providing a deep dive into RAG'’s history, today’s best practices, evidence of
impact, and where innovation is heading.

In closing, implementing RAG over internal research repositories is poised to become as fundamental to labs as the very
LIMS and ELNs themselves. By aligning powerful Al with corporate data, organizations can unlock latent value in their
archives, accelerate discovery, and maintain an auditable trail of knowledge. As Wright and colleagues state, mature
document management and retrieval augmentation create a “superhuman search” that is truly grounded in the
enterprise’s reality (*°! www.techradar.com). For scientists, engineers, and knowledge managers seeking that edge, RAG
offers a compelling path forward.

References: All factual claims in this report are supported by published sources, corpus analyses, and case study data
as indicated by the citations (e.g. time.com (" time.com), Egnyte technical blogs (! www.egnyte.com) (! www.egnyte.com),
TechRadar (*°! www.techradar.com), IntuitionLabs whitepapers (%) intuitionlabs.ai), etc.). Each citation above corresponds
to the source content provided. Through this evidence base, we ensure the report’s conclusions are credible and
actionable.
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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.

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