IntuitionLabs

E IntuitionLabs

INTUITIONLABS | RESEARCH & PRACTICAL GUIDANCE

Extracting Unstructured CRO Data From
PDFs Using Al

Build practical Al for pharma and biotech with IntuitionLabs. We help life-science teams turn complex
information and workflows into useful software, governed knowledge systems and Al tools.

Published by IntuitionLabs - 2026-03-06 - pdf data extraction - unstructured data - artificial intelligence - clinical research - large
language models - optical character recognition - cro data - healthcare informatics

Original article: https://intuitionlabs.ai/articles/ai-pdf-data-extraction-clinical-research

intuitionlabs.ai

Pharma & biotech Al consulting - Custom software - Data engineering Page 1 of 17


https://intuitionlabs.ai/articles/ai-pdf-data-extraction-clinical-research

IntuitionLabs

In this article

© 00 N o o b~ W N P

e~ i e O
g A W N P O

. Executive Summary

. Introduction and Background

. The Challenge of Unstructured PDF Data

. Unstructured vs. Structured Data

. Why Traditional Methods Fail

. Domain-Specific Complexities

. Opportunity for Al

. Al-Powered PDF Extraction: Methods and Technologies
. OCR and Preprocessing

. Al-Based Processing: Rules, NLP, and ML

. Large Language Models (LLMs) and Prompting

. Case Studies and Examples of Al Unleashing PDF Data
. Implications, Lessons, and Future Directions

. Conclusion

. Future Outlook

Executive Summary

Key Challenges: In many industries—especially in clinical research and healthcare—critical data remains

locked in unstructured PDF documents (e.g. clinical study reports, lab results, or regulatory filings). These
“print-style” PDFs are notoriously difficult for computers to parse (arstechnica.com) (mitsloan.mit.edu). For

example, researchers estimate that roughly 80-90% of organizational data is unstructured (text, images, etc.)

(mitsloan.mit.edu), much of it residing in PDFs and scanned reports. Traditional data extraction (manual
transcription, template-based OCR, or keyword searches) is slow and error-prone: it often requires

painstaking human review of each document, introducing extraction errors: the introduction to Yisha et al. cites

earlier reproducibility research reporting 17.0% at the study level, 66.8% at the meta-analysis level, and

85.1% at the systematic-review level, rather than a per-field error rate (study) and severe bottlenecks in
workflows (www.quadratichg.com).

AIlIPDF Extraction Innovations: Recent advances in artificial intelligence (Al) and machine learning promise

to “unlock” PDF-trapped data. Modern pipelines combine optical character recognition (OCR) with advanced
NLP and deep learning. For example, Al-driven OCR engines can recognize text and table structure more

robustly than legacy OCR (www.netguru.com). Large Language Models (LLMs) such as GPT-4 and Claude,

often with Retrieval-Augmented Generation (RAG) techniques, can perform zero-shot or few-shot

information extraction from complex documents (www.avichala.com) (www.frontiersin.org). These tools can

extract nuanced content (e.g. medical terminology, study outcomes) by “reading” PDFs much like a human,

and then output structured data or answers to specific queries.
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Results & Impact: Shahid et al. used GPT-3.5 to structure 33 free-text breast-cancer pathology reports from a
single institution, uploaded through Excel, and reported 99.61% extraction accuracy (study). In a separate
multicenter ICU study, an OCR system transcribed smartphone photographs of device displays into case-
report forms; independent validation reported 96.9% accuracy, 98.5% completeness, and a mean 43.9%
reduction in data-entry time (study).

Strategic Considerations: Unlocking PDF data with Al requires careful design. Effective systems typically use
a hybrid approach: high-quality OCR (for text and tables) followed by Al-LLM components that interpret
context, handle ambiguity, and enforce domain rules (www.netguru.com) (www.avichala.com). Validation layers
(human-in-loop checks, post-processing) are essential to catch OCR/NLP errors (www.avichala.com)
(www.quadratichg.com). Privacy and regulatory compliance must be addressed (e.g. PHI redaction, audit
trails). Despite challenges (token limits, hallucinations in LLMs (www.frontiersin.org)), the net effect is positive:
organizations that leverage Al for PDF document processing gain competitive advantage by transforming
previously “dark” data into actionable insights.

Introduction and Background

Unstructured documents remain pervasive. The Portable Document Format (PDF) is the standard for sharing
reports, protocols, and records across industries due to its layout-preserving fidelity. By design, PDFs are
optimized for print and human reading (arstechnica.com). As Derek Willis (UMD) explains, “many PDFs are
simply pictures of information,” requiring Optical Character Recognition (OCR) to recover text
(arstechnica.com). Thus, even in digital settings, crucial data often sits as image or free-form text in PDFs,
rather than in machine-readable tables or databases.

This is especially acute in clinical research. Contract Research Organizations (CROs) and pharma companies
produce vast amounts of documentation—regulatory submissions (e.g. FDA IND/NDA dossiers, clinical study
reports), patient charts, lab results, standard operating procedures (SOPs), and more (intuitionlabs.ai)
(www.frontiersin.org). Historically, these documents were created analog or in non-semantic formats, then
scanned into PDFs (intuitionlabs.ai) (www.quadratichg.com). For example, a recent review noted that even
high-impact scientific and regulatory texts frequently lack structured formatting, containing complex tables,
legacy charts, and varied terminology (www.frontiersin.org) (intuitionlabs.ai). As a result, analysts cannot easily
query or aggregate this information.

The data volume is enormous and growing. One industry analysis cites hundreds of thousands of active
clinical studies globally (www.scielo.br). Every study generates forms, reports, thousands of pages of output.
Overall, it is estimated that 80-90% of enterprise data is unstructured (free text, images, audio, video)
(mitsloan.mit.edu). The MIT Sloan Review highlights that most real-time data falls into this category
(mitsloan.mit.edu). Intelligent Document Processing (IDP) solutions help turn unstructured and semi-structured
information into usable data (MarketsandMarkets announcement).

Manually extracting data from PDFs is therefore a crushing bottleneck. Researchers conducting systematic
reviews often spend months hand-coding outcomes from PDF papers (www.quadratichg.com)
(pmc.ncbi.nim.nih.gov). Quality assurance auditors comb through SOPs almost page-by-page. For Amazon
Textract, AWS recommends high-quality document images, ideally at least 150 DPI (AWS documentation). Any
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mistakes (mis-read characters, misplaced line breaks, or skipped tables) can propagate into analyses. For
example, one multi-center study found that Al-assisted OCR was needed because manual entry only achieved
~97% raw accuracy and was time-consuming (www.netguru.com). In systematic evidence synthesis, Yisha et
al. cite reproducibility research reporting extraction errors at the study (17.0%), meta-analysis (66.8%), and
systematic-review (85.1%) levels (study). Any such errors can skew research findings or regulatory decisions.

In sum, “CRO data” (clinical and research data) is frequently “trapped in PDFs”: inaccessible to computers
without labor-intensive conversion. This latent content represents a strategic opportunity. If efficiently unlocked
and structured, it could dramatically accelerate drug discovery, evidence synthesis, and operational decisions.
The question is: How can we deploy modern Al to break this logjam?

The Challenge of Unstructured PDF Data

Unstructured vs. Structured Data

Data falls broadly into two categories. Structured data is neatly organized (e.g. in databases or known form
fields), facilitating queries and analysis. Unstructured data—such as documents and images—Ilacks a fixed
schema, making it difficult to process automatically (mitsloan.mit.edu). Analysts estimate that 80-90% of the
world’s data is unstructured content (mitsloan.mit.edu). In practice, this includes text-heavy PDFs (research
papers, protocols), scanned handwritten notes, and so on. As one expert notes, “since most of the world’s data
is unstructured, an ability to analyze it presents a big opportunity” (mitsloan.mit.edu).

PDF documents are the primary vessel of unstructured data. A PDF might contain text, tables, images, or any
combination—often arranged in complex multi-column layouts (arstechnica.com). Even though modern PDFs
can embed text behind the scenes (as opposed to pure images), they typically preserve formatting tags in a
way that is not easily machine-readable. For example, a two-column PDF page might be read wrongly left-to-
right, or tables may be flattened into line-wrapped text that loses row boundaries. Historically, PDFs were
optimized for faithful printing, not for relaying data to computers (arstechnica.com).

Why Traditional Methods Fail

Modern OCR includes neural-network engines: Tesseract 4.0 added an engine based on LSTM neural
networks (Tesseract manual). For Amazon Textract, AWS recommends high-quality images, ideally at least
150 DPI (AWS documentation).

Beyond raw text, table structures are especially problematic. Traditional OCR will dump each cell into a
continuous text stream, losing the table semantics. Attempts to salvage tables with ad-hoc parsing or rule
engines frequently break on corner cases. Similarly, footnotes, headers/footers, and figures are often
ignored or mis-placed. As a result, manual intervention is usually needed to correct the output. In practice,
analysts have exclaimed that “extracting data from PDFs is still a nightmare” (arstechnica.com), since the
format resists straightforward parsing. Forms that span multiple scans, or PDFs with embedded plots, are
essentially opaque to non-ML approaches.
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The bottleneck is evident in research workflows. Quadratic (an Al spreadsheet startup) notes that traditional
systematic review relies on “static Excel templates and manual data entry from deeply nested PDF reports”,
which introduces “severe limitations” (www.quadratichg.com). Human data entry not only is slow but “leads to
high error rates and makes it difficult to reach consensus” (www.quadratichg.com). Yisha et al. cite earlier
reproducibility research reporting extraction errors at the study (17.0%), meta-analysis (66.8%), and
systematic-review (85.1%) levels (study). This compounds across dozens of studies: researchers can spend
months simply copying numbers out of tables into databases. Similar stories come from pharmacovigilance
and quality control, where data must be aggregated from voluminous PDF reports. Each PDF “prison” of data
thus represents lost productivity and risk.

Domain-Specific Complexities

Clinical research documents have additional hurdles. They often mix quantitative and qualitative
information. A clinical study report may have both charts and narrative descriptions of outcomes. Lab results
tables include units and reference ranges, requiring contextual interpretation (e.g. distinguishing “5” from “5
mg” in a line) (www.netguru.com). Medical terminology and abbreviations further complicate simple text
matching. For instance, a BERT-based drug-label classification study reported 95%, 88%, and 88% accuracy
for the same binary task on PLR, non-PLR, and SmPC labeling, respectively; the corresponding multiclass
accuracies were 82%, 73%, and 68% (study). Similarly, patient clinical notes (e.g. discharge summaries) often
contain free-form prose about symptoms and treatments that are not amenable to fixed-field extraction
(academic.oup.com).

Globalization adds another layer: clinical trials run worldwide, so forms may be in multiple languages or scripts
(non-Latin alphabets). OCR and NLP performance varies by language support. Healthcare regulators (FDA,
EMA, WHO) each have their own document conventions and controlled vocabularies. All of these factors mean
a one-size-fits-all solution is unlikely: a robust system must adapt to specific document types and sub-
domains.

Opportunity for Al

Despite these obstacles, the situation is improving. Advances in Al offer new strategies:

» Hybrid Pipelines (OCR + Al): Combining OCR with AI/NLP is transformative. State-of-the-art OCR
provides raw text (often via APIs), but then downstream Al techniques (NER, text classification, pattern
matching) interpret that text. For example, an ICU study used OCR to transcribe smartphone
photographs of device displays into case-report forms, reporting 96.9% accuracy in independent
validation (study). In practice, automated pipelines can compare data against business rules (e.g. “blood
pressure must be <300”) to flag anomalies (www.netguru.com).

» Machine Learning/NLP: Beyond rule-based parsing, modern NLP models can identify entities and
relations in text. Named Entity Recognition (NER) systems trained on biomedical corpora (e.g. SpaCy,
SciSpacy, BioBERT) can pull out lab test names, medications, or dosages (pmc.ncbi.nim.nih.gov). Even
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when documents differ in wording, a trained model can generalize patterns (e.g. recognizing “BP:
120/80 mmHg” as a blood pressure reading). This requires labeled training data; fortunately, many
annotated medical text datasets exist, and semi-supervised learning can help bootstrap more data.

« Deep Learning and LLMs: The latest approach is to leverage large language models, either via zero-
shot/few-shot prompts or fine-tuning. LLMs encode vast linguistic knowledge and can often infer
structure. For example, the MedPromptExtract study tested three models: Gemini Pro, Llama 3.1 (8 bn),
and Mistral (study). Importantly, LLMs can handle context and nuance: they understand that “BP”
stands for blood pressure in a medical context, or that a multi-line table under “Outcome” corresponds to
statistical measures. When provided with clear instructions (prompts) or anchored with examples, an
LLM can output structured JSON or CSV elements from paragraphs or tables.

« Retrieval-Augmented Generation (RAG): A promising architecture is RAG, where a large document
corpus is indexed and searched, and relevant text “chunks” are fed into an LLM along with a question. In
document analysis, this means splitting PDFs into chunks (e.g. by page or section) and embedding
them into a vector database. When querying (e.g. “What were the primary outcomes?”), the system
retrieves the most relevant chunks and asks the LLM to answer from them (www.avichala.com). RAG
effectively overcomes LLM token limits by narrowing context to pertinent text. The original PaperQA
evaluation used a modified PubMedQA task with the supplied context withheld (original paper).

These Al innovations are not replacements for all legacy tools. Rather, they augment: an effective pipeline
might use OCR to capture initial text, then apply Al (rules, ML, LLM) to refine and validate the output
(www.netguru.com) (www.avichala.com). For example, a hybrid system might first use OCR and geometric
layout analysis to segment a page into lines and cells, then apply an LLM or trained model with prompts to
label which lines correspond to which data fields. This approach has been shown to handle “complex
documents with non-standard fonts and varying layouts” much better than raw OCR alone (www.netguru.com).

Table 1 (below) summarizes common approaches to PDF data extraction, their pros/cons, and example use-

cases:

Approach Primary Technique Key Advantages Challenges & Limitations

OCR Off-the-shelf OCR, High raw text accuracy on clean, Struggles on complex layouts (tables,
Tesseract 4.0 added images; mature technology. columns), handwriting, or low-quality scans.
an LSTM neural- (intuitionlabs.ai) (www.evolution.ai) Lacks semantic understanding.
network engine (arstechnica.com) (intuitionlabs.ai)
(manual) (www.evolution.ai)

Template/Regex Hard-coded forms & Precise on well-defined, uniform Very rigid and brittle; fails if a document

Parsing regex patterns forms. deviates even slightly (www.frontiersin.org).

High maintenance.

Machine Statistical NLP models = Learns from data; can handle some Requires labeled training data (often scarce

Learning (NER, (CRF, random forest) variation in formatting in niche domains (www.frontiersin.org)). May

etc.) (pmc.nchi.nlm.nih.gov). Domain- misclassify without context.

tailored (e.g. med ontologies).
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Approach Primary Technique Key Advantages Challenges & Limitations
Deep Learning Neural nets on Can learn complex patterns; Data-hungry; opaque decision-making.
(CNN/LSTM) text/images integrates image+text features. Generalization is limited beyond trained

scenarios (www.frontiersin.org).

Large Language  Transformer LLMs with | Exceptional context understanding Token-length and compute limits;

Models (LLMs) prompting/RAG and flexibility (www.evolution.ai) hallucination risk (www.frontiersin.org).
(www.avichala.com). Works across Requires careful prompt design and
domains with minimal fine-tuning. validation.

Al-Powered PDF Extraction: Methods and
Technologies

This section delves into the specific Al techniques for extracting data from PDFs, with attention to clinical
research (CRO) contexts.

OCR and Preprocessing

Gemini models can process PDF documents using native vision to understand the document context (Google
documentation). For a pipeline built around document ingestion and OCR, consider these preprocessing
steps:

« Image Preprocessing: Techniques like binarization, deskewing, noise reduction, and contrast
adjustments prepare scanned pages. Modern pipelines often correct for slanted text or remove artifacts
(www.netguru.com).

« Layout Analysis: Tools (e.g. Google Document Al, PDFPlumber, Detectron-based models) identify text
blocks, tables, images, and form fields on a page. Retaining spatial information (e.g. knowing which text
was in column 1 vs. column 2) is crucial for later steps (www.astera.com) (www.avichala.com).

« OCR Engines: State-of-the-art OCR (e.g. Google Vision API, AWS Textract, Azure OCR, Tesseract)
transcribes detected text regions. For Amazon Textract, AWS recommends high-quality input images,
ideally at least 150 DPI (AWS documentation). These engines often output confidence scores for each
word. For clinical data, it is common to compare OCR output against domain dictionaries (e.g. drug
names, lab test names) to auto-correct likely errors.

Challenges: As noted, OCR may still misread characters (e.g. “I” vs “1”) or split/merge words incorrectly.
Tables often come out as continuous text with inconsistent delimiters. Therefore, OCR output is rarely final; it
serves as the raw material for higher-level Al.

Al-Based Processing: Rules, NLP, and ML

Once text is available, Natural Language Processing (NLP) tools and Machine Learning can extract
meaning:
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« Embedded Domain Knowledge (Rules/Ontologies): Many pipelines use domain-specific rules or
ontologies. For example, the UMLS/RXNORM drug dictionary or ICD medical codes can help recognize
entities in clinical text. Regex patterns capture structured entries (dates, units, numeric ranges) with high
precision. However, as the Frontiers review notes, purely rule-based systems are inflexible
(www.frontiersin.org): any change in formatting or phrasing can break them. Still, rules are useful as a
fallback for critical fields (e.g. date formats) where mistakes are unacceptable.

» Statistical NLP Models: Supervised models (CRFs, SVMs, neural classifiers) can be trained on
annotated documents to tag fields. For instance, NER models (like BioBERT) can recognize medical
entities in unstructured narratives, and then align them to structured fields (pmc.ncbi.nlm.nih.gov).
These models require labeled datasets. In clinical research, data scarcity and privacy limit training data.
When available (e.g. open-source annotated trials), such models can achieve high recall on frequent
patterns but may fail on rarer terms. In practice, pipelines may mix rule and stats: an initial ML model
proposes entities, which are then validated by rules or human review.

» Hybrid CNNs for Images/Tables: Some approaches treat table extraction as an image recognition
problem. Convolutional Neural Networks (CNNs) can detect table cell boundaries or extract figures.
There are also vision-language models (e.g., LayoutLM) specifically designed to handle document
images by learning layout and text jointly. These can effectively parse multi-column text and tables.
However, training them requires many examples of the target layout. Early work shows these models
significantly outperform generic OCR on extracting form fields and tables, but their complexity and data
requirements are high.

Large Language Models (LLMs) and Prompting

The most transformative technique is the use of large pre-trained language models, such as GPT-4,
Anthropic’s Claude, or Google’s Gemini. These models, trained on Internet-scale corpora, excel at
understanding and generating text. Key points:

« Prompt Engineering: An LLM is given a prompt that defines the task. For example, one might feed it a
fragment of the document (or OCR output) and ask: “Extract the patient’s age, gender, and key
diagnoses in JSON format”. With few-shot examples, LLMs can learn the desired format on the fly. In
one study, physicians used ChatGPT as a “medical annotator”: given a subtle pathology report excerpt,
ChatGPT output a structured report with very high fidelity (pmc.ncbi.nlm.nih.gov).

» Zero-Shot | Few-Shot: Even without examples, carefully worded prompts often yield surprisingly good
results. LLMs implicitly “know” many terminologies. For example, telling the model “You are an assistant
that extracts lab results from medical reports” plus a block of text can coax it into outputting JSON fields.
However, this is less reliable than few-shot settings. Frequent prompt tuning (iterating on prompt
wording) is part of the workflow to maximize accuracy (academic.oup.com) (www.avichala.com).

« Capabilities: LLMs can parse entire paragraphs, tables, and even text interspersed with charts (to
some extent). They excel at contextual understanding: an LLM can infer that a column header is a
date, that a figure caption describes a result, or that a measurement in context is a blood pressure vs. a
lab count. They can also handle multiple languages if given the correct token sets.
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« Limitations: LLMs have fixed token limits (e.g. ChatGPT-4 ~8K tokens) which constrain document
length. Techniques like chunking the document (e.g. page by page) and then reconciling results are
needed (www.avichala.com). Errors can be hard to trace (“hallucinations”) or inconsistent across runs.
For multi-page PDFs, a single prompt can’t hold all content, so pipelines feed parts sequentially.
Additionally, confidentiality can be a concern if using cloud APIs with patient data.

Despite these limitations, LLMs may assist with selected extraction tasks. In a proof-of-concept study of
ChatGPT-4 and Claude 3 Opus, binary-outcome group-size accuracy was 91-94%, while event-count
accuracy was 57-71%. For continuous outcomes, group-size accuracy was 59-69%, while mean and
standard-deviation extraction accuracy ranged from 24-56%. The authors emphasize that these preliminary
tools should complement human reviewers under supervision (study).

RAG and Document Retrieval

For large collections of PDFs (e.g. all protocols from a regulator), RAG is a powerful paradigm. The idea is to
index every page or paragraph via embeddings. At query time, the system retrieves the most relevant bits and
presents them to the LLM to answer a question. This greatly extends context: even if a single PDF has 100+
pages, only the pertinent 2—3 pages might be read by the model. A Medium post has reported that retrieval
strategies (e.g. overlapping text chunks) can boost extraction performance, and that leveraging a “document
map” (hierarchical structure) further improves accuracy (medium.com) (www.avichala.com). In practice,
Google Cloud and others provide RAG-ready tools where PDF text is auto-chunked, embedded (via
BERT/Flan) and queried.

RAG also introduces the possibility of continually updating knowledge. For example, as new trial results are
published, their embeddings are added to the index, immediately making them searchable by LLM queries.
This dynamic updating turns static PDF knowledge into a “living” system. However, it requires careful
engineering: one must manage vector stores, define similarity thresholds, and ensure end-to-end auditability
(www.avichala.com).

Case Studies and Examples of Al Unleashing PDF Data

A number of proof-of-concept projects and pilot deployments illustrate the power of Al tools to unlock PDF-
trapped data. These case studies span clinical, pharmaceutical, financial, and general research domains.
Selected examples include:

e Structured Medical Report Extraction (Pathology): Shahid et al. (2025) used GPT-3.5 in a Streamlit
web application to structure 33 free-text breast-cancer pathology reports from Taipei Medical
University Hospital. The input workflow accepted reports uploaded in an Excel file. The study reported
99.61% extraction accuracy, but its data came from a single institution and the authors identified
external validation as future work (study).

« Clinical Trial Data for Systematic Reviews: Yisha et al. (2026) conducted a proof-of-concept
evaluation of ChatGPT-4 and Claude 3 Opus on 105 trials from two systematic reviews. For binary
outcomes, group-size extraction accuracy was 91-94%, while event-count accuracy was 57-71%. For
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continuous outcomes, group-size accuracy was 59-69%, while mean and standard-deviation extraction
accuracy was 24-56%. These preliminary results do not establish reliable extraction across all fields;
the authors recommend using Al as a complementary aid under human supervision (study).

« ICU Device-Display Transcription: A multicenter study used OCR to transcribe numerical readings
from smartphone photographs of ICU device displays into case-report forms. Independent validation
reported 96.9% accuracy and 98.5% data completeness, with a mean 43.9% reduction in data-entry
time compared with manual entry (study).

« Pharmaceutical Document Management: NNIT's LEO Pharma case describes a document-
management project expected to free resources valued in the tens of millions of Danish kroner (NNIT).

« Financial Document Analysis: Although outside CRO, financial sector studies are instructive.
Evolution Al reports that its technology provided Dun & Bradstreet with a real-time feed of information
from Companies House (vendor account). Similarly, many enterprises use RAG-driven assistants on
SEC filings and earning decks, converting narrative financial disclosures into databases. This cross-
industry success lends confidence that similar methods apply to any PDF-based domain (contracts,
vendor forms, etc.) (www.netguru.com) (www.evolution.ai).

Table 2 below summarizes these and other examples:

Study / Use Case Domai PDF Source Al Outcome | Metrics
n Approach
Shahid et al. (2025) Healthc = 33 free-text breast- GPT-3.5ina @ 99.61% extraction accuracy in this text-structuring
(study) are cancer reports Streamlit demonstration; external validation remained future
(Pathol uploaded in Excel; app work.
ogy) single institution
Yisha et al. (2026) Clinical = Trial PDF articles; ChatGPT-4 Binary outcomes: group sizes 91-94%, event counts
(study) Trials 105 trials from two and Claude 57—-71%; continuous outcomes: group sizes 59-69%,
(RCTs) reviews 3 Opus means/SDs 24-56%. Preliminary proof of concept;

human supervision required.

ICU device-display Healthc =~ Smartphone OCR Independent validation: 96.9% accuracy, 98.5%
study (study) are photographs of ICU transcription = completeness; mean 43.9% reduction in data-entry
(ICv) device displays into case- time.

report forms

Astera ReportMiner Clinical = Clinical study ML + Vendor describes automated extraction of data from
(2023) Trials / reports, eCRFs Template + clinical trial documents

(www.astera.com) Pharma Al (OCR)

Evolution Al / Dun & Finance = Companies House Al data Vendor describes a real-time feed of information from
Bradstreet (vendor information extraction Companies House.

account)

Table 2: Case studies and examples of Al-based PDF data extraction. (LLM = Large Language Model, OCR =
Optical Character Recognition.)
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Implications, Lessons, and Future Directions

The examples above highlight clear benefits: time savings, reduced errors, and data accessibility. Several
themes emerge:

« Efficiency Gains: Studies consistently show Al can cut processing time by half or more and markedly
improve data quality (www.netguru.com) (intuitionlabs.ai). In regulated industries, this means faster
compliance reporting and quicker research cycles. Mikey Shulman described the ability to analyze and
act on unstructured data as a “big opportunity” (MIT Sloan).

« Shift in Human Roles: Automation does not eliminate human oversight but transforms roles. The
Quadratic blog cautions that Al should complement, not replace, researchers (www.quadratichg.com).
As one industry leader quipped, “Al won't replace accountants, but accountants who use Al will replace
those who don'’t.” Similarly, clinicians and analysts become proofreaders and exception-dealers, rather
than data-entry clerks. Productivity gains can thus fund deeper analysis and hypothesis generation.

- Data Quality and Governance: With Al's power comes the need for strict validation. PDF-to-data
pipelines must include audit trails: every extracted value should be traceable back to the original PDF
region (www.avichala.com) (intuitionlabs.ai). For electronic records within its scope, 21 CFR Part 11
applies to records maintained under FDA records requirements and to electronic submissions required
under the Federal Food, Drug, and Cosmetic Act or the Public Health Service Act (21 CFR 11.1(b)).
Continuous feedback loops (e.g. having clinicians flag extraction mistakes) can iteratively improve
models (www.quadratichg.com) (www.avichala.com). Firms should establish data governance
frameworks specifically for Document Al outputs.

» Technology Trends: Gemini models can process PDF documents using native vision to understand the
document context (Google documentation). Cloud services increasingly offer turnkey data extraction
(e.g. Google Document Al AutoML, AWS Textract with built-in table insights). Concurrently, open-source
projects (LangChain, Haystack, Llamalndex) are making it easier to build custom PDF pipelines with
LLMs.

e Cross-Industry Applications: Although this report centered on CRO/pharma data, the same
techniques apply broadly. Legal departments, insurance claims, and marketing analytics similarly suffer
from PDF data burial. In each case, the ROI rationale is identical: freeing data from PDFs unlocks
strategic intelligence. For example, a bank processing millions of statement PDFs can apply the same
LLM/RAG methods to accelerate underwriting or audit. Thus, the case is not just scientific but
enterprise-wide: the first organization to fully master its legacy documents gains a major data
advantage.

+ Remaining Challenges: Despite advances, obstacles persist. Very messy or historical PDFs (e.g.
faxed images, obsolete languages) may still defeat automated tools. Model hallucinations (producing
plausible but incorrect outputs) require at least partial human review (pmc.nchi.nim.nih.gov)
(www.frontiersin.org). Encryption and deployment location alone do not establish privacy compliance.
Under HIPAA, cloud processing of ePHI on behalf of a covered entity or business associate requires an
applicable business associate agreement, risk analysis, and required safeguards; encryption does not
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remove business-associate obligations (HHS). Where GDPR applies, processing health data requires a
lawful basis under Article 6 and an applicable Article 9 condition, processor terms under Article 28 when
a processor is used, and compliance with Chapter V for relevant international transfers (GDPR).
Moreover, institutions must train staff on new workflows: many skilled professionals lack familiarity with
prompt engineers or LLM taxonomies.

o Future Directions: Research is active in improving document Al. The Frontiers review calls for better
annotated datasets and frameworks to handle domain shifts (www.frontiersin.org). We anticipate future
systems will seamlessly ingest raw PDFs and output relational database updates or knowledge graphs.
For instance, some R&D groups are building entire clinical knowledge graphs from trial PDFs,
allowing complex queries (e.g. “show me all trials of drug X with outcome Y”) (intuitionlabs.ai). As
federated learning grows, there may also be cross-company consortia sharing anonymized document
embeddings to bootstrap models, while preserving confidentiality.

In summary, Al is not a panacea but a potent enabler. By applying OCR, NLP, LLMs, and RAG,
organizations can transform static CRO/PDF data into actionable intelligence. The ICU study reported a
mean 43.9% reduction in data-entry time compared with manual entry (study), illustrating potential productivity
gains (intuitionlabs.ai) (intuitionlabs.ai). As models and tools mature, we expect the gap between “data
available” and “data useful” to narrow dramatically. Organizations that invest in unlocking this data today will
have a substantial advantage in research efficiency and decision-making tomorrow.

Conclusion

The proposition “Your CRO data is trapped in PDFs” may at first seem hyperbolic, but it reflects a real
bottleneck: critical research and regulatory information often lives in documents meant for printing, not
analytics. This report has shown that Al-powered extraction offers a universal key. From OCR improvements
(www.netguru.com) to advanced LLMs (pmc.ncbi.nim.nih.gov) (www.avichala.com), the technologies now exist
to convert messy documents into structured repositories. Case studies across healthcare, pharma, and finance
demonstrate that automated pipelines can achieve near-human accuracy while reducing labor.

While challenges remain (quality oversight, domain adaptation, cost), the trend is clear. The percentage of
corporate data going unused due to format barriers is poised to plummet. In the CRO and clinical context, this
means faster trial cycles, better meta-analyses, and ultimately quicker delivery of therapies to patients. In the
words of MIT Sloan, harnessing unstructured data is a “big opportunity” (mitsloan.mit.edu). By strategically
deploying Al, organizations can free their data from PDF prisons and unlock insights that were previously
inaccessible.

Recommendations: Organizations handling CRO or clinical data should pilot Al ingestion workflows on
representative PDF corpora. Collaborate with IT and compliance to ensure data privacy. Combine off-the-shelf
tools (OCR APIs, document Al platforms) with internal domain expertise (to guide prompt design and
validation). Monitor key metrics (extraction accuracy, throughput, error rates) to iterate. Finally, share success
stories and develop best practices; as examples in this report show, even imperfect systems yield major
benefits. The frontier is now open for document intelligence, and Al is the map that will guide CRO data out
of the shadows of PDFs.
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Table 1: Methods for Extracting Data from PDFs (source: multiple references)

Approach

OCR | Template-
based

Rule-based
Parsing

Statistical ML
(NER, etc.)

Deep Learning
(CNN image
models)

Large Language
Models (LLMs)

RAG |/ Retrieval +
LLM

Hybrid Pipelines

Technique & Tools

Traditional OCR engines
(Tesseract, ABBYY) +
fixed forms
(www.netguru.com)
(intuitionlabs.ai)

Regexes, positional
parsing, domain
dictionaries

Trained classifiers (CRF,
SVM, DNN) on labeled
examples
(pmc.ncbi.nlm.nih.gov)

Vision models e.g.
TableNet, LayoutLM
(images + text)

GPT-4/Claude/Palm etc.,
prompted or fine-tuned
(www.evolution.ai)
(www.avichala.com)

Embedding vectors + LLM
answering on top chunks
(www.avichala.com)

Multi-stage: OCR —
NLP/ML - LLM + rules
(www.netguru.com)
(www.avichala.com)

Advantages

High character accuracy on
clean text; simple to implement
on regular forms (e.g. patient
labels) (www.evolution.ai)

Precise for known formats
(dates, ID fields); transparent
logic

Learns patterns from data; can
generalize across moderate

variation; can label entities (e.g.

meds, labs)

Good at handling images and
mixed content; learns complex
layouts

State-of-art context
understanding; flexible output
formats; minimal task-specific
training needed

Extends LLM context beyond
token limit; focuses on relevant
document parts

Leverages strengths of each
component (accuracy +
flexibility); best in practice

Table 2: Selected Case Studies of Al Unlocking PDF Data.

Case | Study

Shahid et al. (2025)
(study)

Yisha et al. (2026)
(study)

Challenges & Limitations

Fails on variable layouts, tables, or
handwritten parts (arstechnica.com)
(intuitionlabs.ai). No understanding of context.
Templates must be manually defined and
updated.

Highly inflexible: any change in format or
domain can break rules (www.frontiersin.org).
Extensive effort to maintain as documents
evolve.

Requires large annotated training sets (often
scarce in specialized fields)
(www.frontiersin.org). Performance drops on
out-of-domain docs.

Data- and compute-intensive; black-box
nature. May still need OCR layer to read text
after detecting structure.

Limited by input size (token limits); risk of
“hallucinating” unsupported data
(www.frontiersin.org). Often needs human-in-
the-loop validation.

Requires building and maintaining a retrieval
index; careful chunking strategy needed
(www.avichala.com). Complex system
architecture.

Architecturally complex; necessitates
orchestration and monitoring. Performance
hinges on component integration and data
flow management.

Outcome | Metric

99.61% extraction accuracy in this text-structuring
demonstration; external validation remained future

Binary outcomes: group sizes 91-94%, event counts
57-71%; continuous outcomes: group sizes 59-69%,

Domai Data (PDF) Type Al Method

n

Healthc = 33 free-text breast- GPT-35ina

are cancer reports Streamlit

(Pathol  uploaded in Excel; app work.
ogy) single institution

Clinical Trial PDF articles; ChatGPT-4

Trials 105 trials from two and Claude

(RCTs) reviews 3 Opus
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Case | Study Domai Data (PDF) Type Al Method Outcome | Metric
n
ICU device-display Healthc =~ Smartphone OCR Independent validation: 96.9% accuracy, 98.5%
study (study) are photographs of ICU transcription = completeness; mean 43.9% reduction in data-entry
(ICv) device displays into case- time.

report forms

Astera ReportMiner Clinical =~ eCRFs, Clinical ML + Automates large volumes of eCRFs and reports;
(Blog) Resear = Study Reports Template + reduces manual workload significantly
(www.astera.com) ch Al

Evolution Al / Dun & Finance = Companies House Al data Vendor describes a real-time feed of information from
Bradstreet (vendor information extraction Companies House.

account)

Each case illustrates how Al can transform static PDF reports into usable data. For example, NNIT describes
expected resource benefits worth tens of millions of Danish kroner for its LEO Pharma project (NNIT case
study). In systematic reviews, deploying LLMs can harvest trial outcomes far faster than manual curation
(pmc.nchi.nim.nih.gov). These successes suggest that Unlocking CRO data from PDFs is not only feasible, but
highly beneficial.

Future Outlook

The rapid pace of improvement implies that today’s PDF data bottlenecks will be future relics. Ongoing
developments include:

» Better Models: Next-generation LLMs (e.g. GPT-5 and beyond, Google Gemini) are already integrating
computer-vision capabilities, allowing them to read images and PDFs natively (intuitionlabs.ai)
(www.evolution.ai). We expect these multimodal models to extract text and semantic context in one
step, rather than requiring separate OCR.

« Automated Pipelines: Tools will increasingly automate the end-to-end pipeline. For instance, open-
source frameworks (LangChain, Llamalndex) enable non-experts to connect document ingestion, vector
stores, and LLMs with minimal coding. Commercial “Document Intelligence” platforms are emerging to
target life-sciences specifically.

« Collaborative Al: Given the global scope of clinical research, federated or collaborative Al systems
could emerge. Different CROs or regulators might share anonymous embeddings or model updates,
enhancing performance without exposing raw data. This could address the “lack of data” problem by
pooling knowledge across studies.

« Regulatory and Ethical Frameworks: As automated extraction becomes standard, guidelines for
verification will mature. Regulatory agencies might begin to accept Al-extracted data if accompanied by
provenance guarantees (intuitionlabs.ai). Ethical frameworks for using patient data in Al (consent, de-
identification) will also solidify, enabling broader use of sensitive PDFs.
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« Organizational Change: Ultimately, organizations are incentivized to convert their archives into
knowledge graphs and searchable corpora. Once a CRO or pharma company has successfully
implemented PDF-to-data pipelines, it can leverage analytics and ML on a true dataset, rather than
static reports. Investments now will compound as each new study or report is immediately accessible. In
a way, Al is enabling a “digital transformation” of the CRO document lifecycle.

In closing, the phrase “Al can unlock your CRO data from PDFs” encapsulates a pivotal shift. No longer
must experts be bound to copy-paste from static pages. With the right Al tools and workflows, information is
liberated. As evidence-backed studies show (pmc.ncbi.nim.nih.gov) (intuitionlabs.ai), the benefits are concrete:
greater accuracy, speed, and insight. Stakeholders in research and CROs should therefore view Al not as a
futuristic buzzword but as an immediate, practical solution to a long-standing problem.

References: All claims and data above are drawn from recent peer-reviewed studies, industry reports, and
expert analyses (arstechnica.com) (mitsloan.mit.edu) (www.quadratichg.com) (pmc.ncbi.nlm.nih.gov)
(www.evolution.ai) (www.avichala.com) (www.astera.com) (intuitionlabs.ai) (intuitionlabs.ai). Each numeric
result or claim is annotated to its source as shown. (www.quadratichg.com) (www.netguru.com)
(pmc.ncbi.nim.nih.gov) (www.frontiersin.org)
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About IntuitionLabs

IntuitionLabs is an Al consulting, custom software development and data engineering firm serving
pharmaceutical, biotechnology, medical-device and other life-science organizations. We work with clinical,
regulatory, medical-affairs, commercial, quality and IT teams to connect technology decisions with the work
people need to accomplish.

Al consulting and adoption

Our Al enablement services cover readiness assessments, use-case selection, governance and policies, team
workshops, adoption measurement and ongoing advisory support. We help organizations structure the
information layer behind Al: source material, context, permissions and maintained knowledge that make
generated answers useful and reviewable. Private LLM inference and hosted Al options support teams
evaluating how to operate Al with appropriate control over their data and infrastructure.

Software, data and life-science workflows

IntuitionLabs develops custom software for pharma and biotech, integrates enterprise systems, and builds
data engineering and business intelligence solutions. Areas of focus include Al agents, regulatory research,
medical writing, medical affairs, CMC information, competitive intelligence and clinical-document workflows.
Our eTMF intelligence work includes cross-system reconciliation and inspection-readiness support.

Enterprise platforms and regulated delivery

We provide Veeva services, application support, managed services, integrations and custom applications,
alongside enterprise content work involving platforms such as Egnyte. For regulated workflows, our services
include GxP enablement, computer-system validation and software development addressing 21 CFR Part 11
requirements. The applicable controls, validation responsibilities and acceptance criteria are defined for each
engagement.

Work with IntuitionLabs

Explore Al enablement, pharma and biotech software development, data engineering and Bl, and Veeva
services. Contact IntuitionLabs to discuss your workflow, information sources and implementation needs.

IntuitionLabs publishes educational research to help life-science teams make informed technology decisions.
Coverage of a product or organization does not imply a client relationship, endorsement or partnership.

Website: https://intuitionlabs.ai

This article is educational. Verify consequential medical, legal, financial, regulatory and technical decisions with appropriate professionals and the
cited primary sources. Company services are described separately from the article's research findings.
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