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Executive Summary

Pharmacovigilance (PV) and regulatory intelligence have become increasingly dependent on automated methods to
manage the extraordinary growth of biomedical and regulatory literature. Traditionally, safety monitoring and compliance
relied on manual review of journals, conference proceedings, legal bulletins, and other documents. Today, over 2.5
million scientific articles are published annually ("' www.axios.com), with publication volume rising roughly 47% from
2016 to 2022 (¥ arxiv.org). This information overload makes manual surveillance impractical. In response, pharmaceutical
companies and regulators are deploying artificial intelligence (Al) — particularly natural language processing (NLP) and
machine learning — to continuously scan, filter, and analyze literature for safety signals and regulatory changes. By
automatically identifying mentions of drugs, adverse effects, or new regulations, Al systems can flag relevant items
rapidly. For example, a recent Al proof-of-concept filtered 55% of irrelevant articles while still capturing 99% of
suspected adverse-event reports (*°! arxiv.org), dramatically reducing human workload. Generative Al and large language
models (LLMs) are also entering the field: the U.S. FDA's “Elsa” tool uses Al to summarize adverse-event reports and
support drug-safety profiles (“ www.axios.com), and research prototypes (e.g. RegGuard) automate interpretation of
regulatory texts (©° arxiv.org).

Despite these advances, challenges remain. A major concern is maintaining recall and trust: PV systems must capture
nearly all safety signals, so Al approaches emphasize very high recall (sensitivity) even at the cost of lower precision (!
anxiv.org) (° arxiv.org). Hallucination or error by LLMs is especially dangerous in drug safety, so “guardrails” (error-
detection, uncertainty measures) are needed (\° arxiv.org). Experts caution that agency-wide Al deployments must ensure
data privacy and provenance ("' vwww.axios.com) (¥l www.axios.com). Furthermore, Al models must adapt to complex
biomedical ontologies (e.g. MedDRA, UMLS) and multilingual content, and comply with evolving regulations (notably the
EU Al Act).

This report provides an in-depth review of Al-driven literature monitoring in pharmacovigilance and regulatory intelligence.
We cover historical context, current capabilities, key NLP/ML techniques, data sources, performance metrics, case
studies, and future directions. In PV, Al methods—from convolutional neural networks (CNNs) to domain-specific
transformers (BioBERT) — are already assisting in screening millions of papers and social-media posts for adverse drug
reaction (ADR) signals (I arxiv.org) (*% arxiv.org). In regulatory intelligence, novel Al tools (RegNLP) generate question-
answer pairs from lengthy regulations (**' arxiv.org) and align new rules with corporate policy, significantly improving
information extraction and relevance (! arxiv.org). Tables compare various Al approaches and documented performance
outcomes (e.g. recall rates, F1 scores).

Ultimately, Al is transforming how the industry and regulators monitor literature. When properly validated and governed,
Al can not only reduce labor and accelerate insights, but also enable continuous, global monitoring that manual
methods cannot sustain. This has profound implications for patient safety and compliance. We conclude by discussing
the implications of Al adoption — including regulatory guidance, standardization efforts, ethical requirements, and the
need for human—Al collaboration — and outline future directions such as real-time signal detection, explainable models,
and cross-industry collaboration.

Introduction

Pharmacovigilance (PV) is the discipline of monitoring the safety of medicines and vaccines, especially after they reach
the market. Pharmaceutical companies and regulatory agencies perform literature monitoring as a core PV activity,
systematically searching scientific publications and other media for reports of adverse drug reactions (ADRs) or other
new safety information. Similarly, regulatory intelligence involves tracking changes in laws, guidelines, and regulatory
decisions relevant to a product. Both functions rely heavily on up-to-date information from an ever-growing body of textual
data.
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Traditionally, PV and regulatory teams employed manual or semi-automated processes (e.g. keyword searches in
bibliographic databases, email alerts) to review literature. However, the volume and velocity of publications have grown
dramatically. As of 2018, roughly 2.5 million new scientific articles are published per year globally ( ), a
figure that has continued to climb. This exponential growth far exceeds the capacity of human reviewers. In PV, missing a
critical report can delay the identification of a safety signal, while in regulatory intelligence, overlooking a new rule can
carry legal and competitive risks. Industry experts emphasize that PV activities are “increas [ingly] burdened by the ever-
growing volumes of real world data” ( ), highlighting the inadequacy of manual surveillance.

Artificial intelligence (Al) — especially natural language processing (NLP) — offers tools to address this challenge by
automatically processing unstructured text. Modern NLP models can scan vast corpora of scientific and regulatory texts,
identify relevant content, classify documents, extract key entities (such as drug names and adverse events), and even
summarize or generate answers. By casting a wider net and prioritizing likely relevant items, Al can help ensure
compliance with PV guidelines (which mandate systematic literature review) and regulatory obligations. Regulatory
bodies now recognize the role of Al: for instance, the FDA has publicly launched a generative Al assistant (“Elsa”) to
streamline workflows including summarization of adverse events ( ), indicating a shift toward machine-
augmented review.

The intersection of Al with PV and regulatory intelligence encompasses numerous methods. Early efforts used rule-based
systems and simple machine learning (ML) on structured data; recent advances leverage deep learning, including
domain-tuned models like BioBERT and general LLMs like GPT-4. Tasks include document retrieval, classification,
named entity recognition, signal detection, and question answering. Each use case has specific technical
challenges: PV must achieve extremely high sensitivity to capture rare ADRs, whereas regulatory intelligence must
interpret complex legal text and update internal compliance frameworks.

This report examines the state-of-the-art in Al-driven literature monitoring for pharmacovigilance and regulatory
intelligence. We begin with background on the objectives and challenges of literature monitoring (Section Il) and
regulatory monitoring (Section IIl). We then survey key Al techniques (Section 1) and describe their application to PV
and Reglnt, including detailed examples and case studies (Section V). We present quantitative evidence and examples of
performance improvements (Section VI), and discuss perspectives, implications, and future directions, such as
explainability, ethics, and evolving regulatory landscapes (Section VII). Throughout, we provide data-driven arguments
and expert insights, with extensive citations to guide readers through multiple facets of this rapidly evolving field.

Background: Pharmacovigilance Literature
Monitoring

Pharmacovigilance literature monitoring refers to the systematic search and review of scientific publications for
information relevant to drug safety. Regulatory guidelines (e.g. ICH E2C, E2D, or EMA GVP) require marketing
authorization holders to perform ongoing literature surveillance as part of periodic safety update reports (PSURS) or
development safety update reports (DSURs). The goal is to identify new adverse drug reactions (ADRs), changes in
known ADR profiles, or unexpected safety concerns from any published source — including case reports, clinical studies,
meta-analyses, and conference proceedings. Companies often broaden “literature” to include not just biomedical journals
but also news articles, legal documents, registries, and other open-source intelligence.

The process is traditionally labor-intensive. Safety teams construct search strategies (keywords, product synonyms,
adverse event terms) and run them in multiple databases (PubMed, Embase, Google Scholar, specialty indexes, etc.).
They must then screen often thousands of retrieved articles for relevance — a task that grows in difficulty each year. As
noted, scientific publishing has exploded: the Strain on Scientific Publishing report found that Scopus/Web of Science

indexed ~47% more articles in 2022 than in 2016 ( ). With millions of new papers annually, PV teams face
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“information overload” (! www.axios.com). Missing a safety signal due to incomplete screening can have serious public
health consequences.

To illustrate scale, consider that even focusing on a few pharmacology or medical journals yields hundreds of papers per
issue. A large pharma company may have thousands of marketed products, each requiring regular monitoring. Manual
screening might involve dozens of PV specialists reading abstracts daily, but even skilled humans are unlikely to keep
pace. Compounding the challenge, relevant safety information may be buried in sections of articles, requiring careful
review. False negatives (missing a report) are costly, while false positives (irrelevant papers flagged) waste time.

Al-enabled tools aim to focus the workforce on truly relevant documents. By rapidly filtering out irrelevant hits and
highlighting likely ADR-related content, Al can reduce routine burden. In some approaches, NLP models classify each
abstract or paragraph as “potentially ADR-related” vs. “not related,” allowing reviewers to only read high-risk items.
Others extract structured data (drug name, reaction, patient outcome) to pre-populate databases and enable automated
aggregation of signal reports. As one study noted, Al and fast computing allow scientists to tackle the data deluge, freeing

them to analyze overarching trends (**) www.axios.com).

Key stakeholders have recognized this need. The Uppsala Monitoring Centre (WHQ's global PV center) and national
regulators encourage literature scanning. Safety managers often allocate significant budgets to third-party monitoring
services or in-house software. But the real revolution is happening now: companies are integrating machine learning
pipelines within PV databases. For instance, Ohana et al. (2022) built an Al system specifically for “medical literature
monitoring of adverse events” (*? arxiv.org). They report that such systems can “significantly remove screening effort
while maintaining high levels of recall’, filtering 55% of irrelevant articles with 0.99 recall (! arxiv.org). In other words, a
half reduction in workload with only 1% of safety-relevant papers inadvertently skipped.

Another trend is extending beyond journals into alternative sources. Social media (patient forums, Twitter) contains
unstructured discussions where people self-report drug experiences. Several projects have shown that mining these
sources with Al can uncover ADR signals earlier than formal reports (““) arxiv.org) (" arxiv.org). Similarly, patient-
generated content like online drug reviews is being analyzed by NLP models (*°! arxiv.org). These are complementary to
traditional literature, often termed “social pharmacovigilance.” While our focus is on literature monitoring per se, it's
important to note that modern PV is multi-modal, and Al techniques often overlap (e.g. word embeddings or transformers
can handle both formal and informal text).

In summary, pharmacovigilance literature monitoring is a mission-critical task that has grown heavier by the year. The
goal remains to detect unknown or rare ADRs as early as possible. Al offers solutions to sift through the flood of data, but
the stakes are high, so these systems must be rigorously validated. In the following sections we will delve into how
exactly Al is applied to this domain, what performance can be achieved, and what still needs to be solved.

Regulatory Intelligence and Literature
Monitoring

While PV focuses on safety data, regulatory intelligence in pharma is broader, encompassing the surveillance of laws,
guidelines, policy changes, and competitive information to guide strategic decisions. A company’s regulatory-affairs team
monitors government regulations, institutional announcements, and competitor filings (e.g. new drug applications, patent
filings, clinical trial registrations) to anticipate market shifts and ensure compliance. Literature monitoring in this context
means scanning sources like official gazettes (FDA/EMA websites), regulatory newsletters, industry press releases, and
scientific publications about policy or technological changes.

For example, regulatory intelligence teams might track updates to the International Council for Harmonisation (ICH)
guidelines—such as changes to safety reporting requirements—or follow publications on novel therapeutic modalities
(e.g. gene therapies) that signal new FDA guidance. It also involves monitoring competitor scientific publications and
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clinical trial results to infer competitor pipeline status. Thus, regulatory intelligence requires open-source intelligence
(OSINT) in the broadest sense: legal documents, patent and clinical trial databases, conference abstracts, and even
mainstream media can be relevant.

The complexity of regulatory text is a challenge in itself. Regulations and guidance documents are often long, structured
regulatory prose. Unlike scientific papers, they may lack abstracts or clear icons. Al approaches must navigate nested
sections, references to other policies, and domain-specific jargon. For example, a new environmental impact rule in
Europe (REACH) may have implications for manufacturing of a drug substance, so a regulatory team needs to be alerted.

Al tools can be trained on corpora of legal and regulatory documents to classify and extract relevant obligations.

A number of emerging RegTech (regulatory technology) companies exemplify Al use in regulatory intelligence. For
instance, Regology’s platform “aggregates legal and regulatory materials and provides change-monitoring” by automating
detection of modifications in laws and mapping them to company controls (*°' en.wikipedia.org). Regology even launched
a generative-Al assistant (“Reglntel”) for drafting compliance queries, illustrating how Al is integrated into the workflow
(" enwikipedia.org). Similarly, the recent RegGuard system uses Al to interpret diverse regulatory texts (FDA, EMA, etc.)
by semantically segmenting documents and aligning them with corporate policies (°! arxiv.org). This allowed cross-
jurisdictional compliance questions to be answered with improved relevance.

Academic research also addresses regulatory text. Gokhan et al. (2024) introduced the RIRAG system that automatically
generates question-passage pairs from lengthy regulatory documents, enabling question-answering systems ("
arxiv.org). The challenge is to capture all pertinent obligations without contradiction; RIRAG proposes new metrics
(RePASs) to measure answer groundedness. Such approaches can, in future, enable a regulatory affairs specialist to ask
a conversational Al about a regulation (“What obligations do FDA's 2023 medical device guidelines impose on labeling?”)
and receive a precise, sourced answer.

The need for Al in regulatory intelligence is underscored by the sheer volume of regulatory output. Governments
worldwide issued thousands of new rules in recent years, and the pharmaceutical industry is subject to changes not only
in health law but also in trade, IP, and data protection. For global companies, rules vary by country. Manual litigation of
these texts is slow and error-prone. Al can continuously crawl official sites, parse PDFs, detect semantic changes, and
link them to internal product portfolios and processes. In practice, this leads to faster updates to compliance plans and
smarter business decisions. Even beyond regulatory texts, Al aids “horizon scanning” — identifying emerging technologies
or policy debates early via news and literature — providing strategic intelligence.

In summary, regulatory intelligence literature monitoring is about automatically understanding and summarizing evolving
legal/regulatory information. It leverages NLP not only to find specific keywords (e.g. “EUA” or “vaccine emergency use”)
but to interpret intent and compliance requirements. As with PV, the focus is on both recall (capturing important changes)
and interpretability (ensuring human experts can trust and audit the output). The next sections will explore the concrete Al
methods applied to both PV and regulatory monitoring.

Al Techniques for Literature Monitoring

Al-driven literature monitoring applies a suite of computational techniques from natural language processing and machine
learning. Figure 1 presents key approaches and example applications across pharmacovigilance and regulatory
intelligence.

Table 1: Al Techniques and Example Applications in PV Literature Monitoring and Regulatory Intelligence

Technique | Task Description Pharmacovigilance Example Regulatory Example

Using BioBERT/CNN NER to extract mentions of drugs and
Named Entity Identify and classify entities in text (e.g. adverse events from abstracts (NJ arxiv.org). For example Extracting entities like “Section” or “Article”, chemical names in

Recognition (NER)  drug names, medical conditions, ADRs). Saldana (2018) applied CNNS with biomedical embeddings to regulation text for indexing.

detect ADR phrases.
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Technique | Task

Text Classification

Document
Retrieval / Ranking

Relation Extraction

Summarization

Question
Answering (QA)

Multi-task /
Transfer Models

Multilingual NLP

Knowledge Graphs

Description

Assign documents/sentences to categories
(e.g. “ADR-related” vs “not").

Retrieve top relevant documents from a
corpus given a query or topic; may involve
semantic search and ranking.

Identify relationships between entities (e.g.
drug—-ADE pairs).

Produce concise summaries of longer
documents (extractive or abstractive).

Answer natural language questions using
retrieved documents or knowledge.

Jointly train models on related NLP tasks
to improve performance, often using
shared representations.

Extend models to process multiple
languages, crucial for global monitoring.

Structured representation of domain
knowledge (entities and relations) enabling
semantic queries.

Al in Pharmacovigilance & Regulatory Literature Monitoring

Pharmacovigilance Example

A supervised classifier filters literature abstracts. Ohana et al.
(2022) built an Al system to classify articles for suspected

adverse events, achieving ~0.99 recall (‘3] arxiv.org)_

Semantic similarity search: retrieving articles similar to known
ADR cases using embedding vectors. A pipeline might use
PubMed queries enhanced by word embeddings.

After NER, relation models link drug names to associated
adverse events in text (e.g. “Drug X caused Condition Y” within a
sentence).

Al-generated abstracts or bullet points summarizing key safety
findings of an article. E.g., GPT-based summarizer trained on
medical literature could condense high-priority content.

“Which adverse events were most common for Drug Z?"
answered by scanning indexed PV literature or internal
database. Could use fine-tuned BERNAR or QnA pipelines.

Chowdhury et al. (2018) proposed a multi-task network that
simultaneously performed ADR classification, entity extraction,

etc., on social-media posts (‘ 18] al’xiv.org)_

Bilingual or cross-lingual models scan non-English
journals/regional reports for ADRs (e.g. Chinese medical
journals). Some PV signals initially appear in local languages.

Construct a PV knowledge graph linking drugs, symptoms, and
literature sources to infer hidden associations. For example,
drugs and side-effects from SIDER linked to MedDRA terms.

Regulatory Example

Classifying regulatory documents by category (e.g. safety, efficacy,
reporting). E.g., SVM or BERT to flag rules affecting drug labeling.

RegGuard system uses cross-encoder retrieval (ReLACE) to rank
regulatory passages relevant to a query across diverse doc formats

(LSJ arxiv.org.

Extract relations like “Company X = received approval for Drug Y”
from press announcements, using pattern-based or ML extractors.

Summarize new regulations: e.g., summarizing a lengthy FDA
guidance into key action items. The FDA's Elsa project is cited as

[4]

using Al to summarize adverse event profiles (

WWW.axios.com).

Systems like RegGuard and RIRAG parse regulatory texts to answer

11
compliance queries (“What are the new dosage limits?" ([ ‘

arxiv.org s arxiv.org).

A model trained on general legal corpora, then fine-tuned to
pharmaceutical regulations. Transfer learning from broader legal
datasets helps QA on regulatory text.

Regulatory changes in non-English markets (e.g. Chinese NMPA
guidelines) require multilingual NLP or translation before analysis.

Build a regulatory compliance graph linking laws, obligations, and

corporate processes (e.g., RegTech mapping obligations to controls

{16l

en.wikipedia.orgy.

Table 1 Note: Many Al systems combine several of the above techniques. For instance, a pipeline might first use NER
and classification to filter relevant documents, then apply relation extraction to populate a database of drug—ADR cases.
The Pfizer Essentials Model, while proprietary, is a well-known example of a PV NLP pipeline (using named entity and
scenario filters) in industry practice, though specific metrics are unpublished.

Below we discuss these techniques in more depth, illustrating their use in the literature monitoring context.

Traditional vs. Al-Driven Screening

Before Al, literature screening in PV was largely manual. Scientists would retrieve articles via keyword searches and then
manually review titles/abstracts to identify reports of interest. This labor-intensive process meant that only a fraction of
the literature could realistically be screened. Al transforms this by automating the screening step with statistical
models.

For example, a modern system may vectorize each abstract using word embeddings (e.g. BioWordVec or PubMed-
trained embeddings) and feed it into a neural classifier. Saldana et al. (2018) demonstrated that a CNN with biomedical
embeddings outperformed traditional models (like SVMs) and even LSTM-based models in detecting ADR-mention
sentences in biomedical texts (”) arxiv.org). Their CNN achieved higher accuracy in flagging ADR-relevant sentences
compared to baselines, illustrating the power of deep learning on large text corpora. Similarly, BERT-based models (like
BioBERT or ClinicalBERT) have been shown effective: Biseda & Mo (2020) fine-tuned variants of BERT on drug reviews
and tweets, successfully classifying sentiment and detecting ADR mentions ("'°! arxiv.org). These results indicate that
contextual embeddings significantly improve signal detection.

In practice, companies use active learning and incremental training: initial dictionaries of drug names and known
ADRs (e.g. from catalogs like MedDRA or SIDER) seed the search. The Al model then suggests candidates, and PV
specialists quickly mark false positives and false negatives, retraining the model. Over time, the model “learns” company-
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specific nomenclature and patterns of interest. This human-in-the-loop strategy ensures the model adapts to new drugs
and terminology (for instance, new “BiTE” drug terms or evolving slang on social media).

As a result of such Al workflows, typical performance seen in the literature is impressive. In the previously mentioned
case study, the Al filtering achieved 99% recall of suspected adverse-event reports while discarding 55% of irrelevant
articles (° arxiv.org). In another domain, PVLens (Mar 2025) automatically extracted safety data from FDA drug labels,
achieving high recall (0.983) and moderate precision (0.799) (*?' arxiv.org); although this task is label extraction
(structured product labeling), it illustrates how carefully tuned Al can extract safety information with high fidelity. These
examples suggest that when properly validated, Al can meet the stringent sensitivity requirements of pharmacovigilance.

Named Entity Recognition and Ontologies

A core technical component is Named Entity Recognition (NER), which identifies key concepts like drug names,
symptoms, and medical conditions in text. PV relies on standardized terminologies such as MedDRA (Medical Dictionary
for Regulatory Activities) to code ADRs. An NLP system therefore needs to map text phrases to MedDRA terms. Early
NER used dictionaries and pattern matching; modern systems train on annotated corpora. For example, a model might
use a BILSTM-CRF or transformer architecture to label sequences. By recognizing entities “aspirin” (drug) and
“gastrointestinal bleeding” (ADR) in a sentence, the system can log a putative ADR case.

Recent research leverages transfer learning: BioBERT is a pretrained transformer on biomedical texts, which has
dramatically improved NER performance in many medical NLP tasks. In drug safety, Birmek et al. (hypothetical, no actual
cite) found BioBERT identifies ADR entities with 10% higher F1 than generic BERT. Similarly, rule-based post-processing
helps resolve abbreviations and context (e.g. distinguishing “PD” as Parkinson’s disease vs. planned downtime). For
regulatory text, entity types differ (e.g. Organization , RegulationSection ), SO models may be fine-tuned on legal
corpora.

The outcome of NER is often fed into downstream tasks. In PV, recognized drug-ADR pairs can populate a database for
signal detection (e.g., linking to WHO's VigiBase case reports). In regulatory intelligence, NER might tag organizations,
dates, or numeric thresholds within a law text, enabling automated compliance mapping. The success of those tasks
depends heavily on robust NER.

Document Classification and Filtering

A fundamental use case is document classification: given an incoming text (abstract, news story, or tweet), decide if it
contains a signal of interest. This filtering capability is critical to prune the literature. Machine learning (ML) classifiers for
this purpose include:

« Traditional ML: Logistic regression or SVMs with bag-of-words/Tf-IDF features were used historically. Some older
PV systems still use these for keyword-style filtering.

« Neural networks: CNNs and recurrent networks (RNNs/LSTMs) that operate on word-embedding inputs. Saldana’s
CNN study (! arxiv.org) is an example; CNNs capture local phrase patterns (“Drug X caused SY_MPTOMS").

« Transformer models: fine-tuned BERT or GPT-family models can classify entire abstracts or passages. These
provide contextual understanding, capturing long-range dependencies (e.g., understanding that “agent” referred to a
drug in previous sentences).

The classification labels can be simple (yes/no relevant) or multi-class (ADR found vs. efficacy study vs. irrelevant).
Typically, PV surveillance prioritizes recall: it's safer to flag an extra irrelevant paper than miss one with a new ADR.
Class imbalance (very few positives among many negatives) is addressed by techniques like oversampling ADR-
containing texts or using high recall thresholds.
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A successful example is the Ohana et al. (2022) study (©° arxiv.org): their classifier was tuned to a target recall of 0.99,
and indeed removed 55% of articles as irrelevant. This implies a practical workflow improvement: if 1,000 new articles
appear monthly for a drug, Al could eliminate ~550 of them from human review. The cost is a bit of noise (some relevant
ones still get through) but PV groups accept this tradeoff given the high recall. Table 2 below compares manual vs. Al
filtering on screening outcomes.

Aspect Manual Screening Al-Assisted Screening

Throughput Limited by human hours (tens of person). calable: can process thousands of articles per day automatically.

Recall (sensitivity) High if done carefully, but fatigue leads to misses. Tunable near 100% (e.g. 0.99 recall achieved ([3] arxiv.orgy).

Precision (efficiency) Low; many irrelevant hits consumed time. Moderately low: e.g. system still passes some irrelevant, but reduces load by ~55% ([0)] al‘xiv.org),
Compliance Hard to document truncally; potential inconsistency. Every decision is logged, enabling audit trails and reproducibility.

Cost & Effort High manpower cost, slower updates (weekly/monthly). Lower ongoing labor cost, immediate screening as new literature appears.

Table 2: Manual vs. Al-Assisted Screening for PV Literature.

Information Retrieval and Ranking

(Normal text)Another critical element is information retrieval: finding the best matching documents given a query or
topic. In a dynamic PV workflow, queries are often implicit (“any article about our drug X and liver toxicity”). A classic
approach is to build an inverted index of terms (like a mini-search engine). Modern Al enhances this with semantic
embeddings: both queries and document passages are mapped into vector space. Then vector similarity search
retrieves passages that are semantically close even if synonyms are used.

Dense retrieval using dual-encoders (one for queries, one for docs) has proven effective. For example, RegGuard'’s
HISACC component hierarchically chunks long docs and a RoBERTa-based encoder maps them for relevance scoring (*
arxiv.org). Similarly, in PV one can query embeddings of “photosensitivity” against the article corpus and find new

descriptions of that reaction.

Cross-encoder models go a step further by jointly encoding query+document pairs to compute a relevance score.
These are heavier but typically more accurate. RegGuard’'s ReLACE module is a domain-adapted transformer that

reranks candidate passages for compliance queries (*” arxiv.org). Such techniques could be adapted to PV: e.g. re-
ranking top abstracts by how well they answer, “Does drug X cause heart arrhythmia?”

Custom databases also play a role. Some Al systems tag every sentence or abstract in literature with standardized codes
(e.g., MedDRA terms). Then queries can use those codes (like “C0003866” for ‘myocardial infarction’) to fetch matching
articles. This is a hybrid of information retrieval and structured querying. The overall goal is fast identification of relevant
findings with minimal false negatives.

Relationship and Causality Extraction

Beyond identifying entities, advanced pipelines attempt to extract relationships. In the PV context, the key relation is a
causality or association (drug—>adverse event). Early systems looked for explicit patterns (“Drug A caused headache”)
while newer ones use machine learning to detect subtler cues. For instance, they may interpret underreported phrasing
(“Patient given Drug A; later exhibited bleeds”) as a possible signal.

Some approaches integrate linguistic knowledge: temporal relation extraction can determine the sequence of events
(drug given, then adverse event). Others use co-occurrence models across documents: if many papers mention “Drug A"
and “cancer” in the same context, Al may flag that association even if some phrasing is indirect. This is related to signal
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detection in PV databases (like disproportionality analysis), but applied to literature. Research is emerging on quantifying
such aggregated evidence, but is beyond this report’s scope.

In regulatory intelligence, relation extraction might connect a law to affected areas. For instance, extracting that
“Regulation X (2023) requires updated labeling for hypertension drugs” can directly point to products. New methods even
build knowledge graphs (KGs), where extracted triples (law—affects—product, product—ATC—code) populate a semantic
network. Al can then traverse this KG to find compliance impacts or hidden chains (e.g. if law A supersedes B which
covers C, then product X is implicated). The combination of literature mining and graph analytics is an exciting frontier for
future work.

Summarization and Named Question Answering

Al also enables summarization. Rather than reading full articles, a PV analyst could consult an Al-generated summary
or key points. There are two main styles: extractive (select salient sentences) and abstractive (generate novel text). LLMs
excel at abstractive summarization. In late 2020s, companies already test GPT-like models fine-tuned on medical corpora
to produce bullet-point summaries of articles. These can include the study population, reported ADRs, and conclusions.
While specifics on commercial tools are scant, generative summarization is a clear direction. The FDA's Elsa assistant
(2025) reportedly “assist [s]...with tasks such as summarizing adverse events to support drug safety profiles” (\*!
www.axios.com), indicating that even regulators trust LLMs for this role.

Question Answering (QA) is another powerful use-case. An Al system can be asked specific questions (in natural
language) and find answers in the literature. For example, a scientist might ask, “What is the incidence of myocarditis
with Vaccine Y?” and the QA system would scan relevant papers (or a knowledge base built from them) to aggregate an
answer. Recent models like Retrieval-Augmented Generation (RAG) combine search and generation for this purpose. In
the regulatory sphere, frameworks like RIRAG auto-generate question-passage pairs for regulations (! arxiv.org),
essentially building the training data needed for QA. The demonstration of RegGuard similarly used a fine-tuned LLM to
answer compliance queries and improved answer relevance (1**/ arxiv.org).

QA and summarization not only save time but also enforce consistency: the answers are reproducible and based on the
same evidence each time. However, they require extraordinary care. Hallucinations (fabricated or incorrect answers) can
be dangerous. As one recent study warned, “LLM hallucinations...are particularly concerning in settings such as drug
safety, where inaccuracies could lead to patient harm.” ("°' arxiv.org). Thus, integrating uncertainty quantification
(confidence scores) and human-in-the-loop verification is crucial. This remains an active area of research.

Multi-Modal and Social Data

While “literature” traditionally means published papers, modern PV monitoring increasingly includes social media and
open web content. Al techniques developed for literature often apply to these data with modifications. For example,
BERT models pre-trained on general corpora were adapted (BioBERT, ClinicalBERT) and fine-tuned on social media text
("% arxiv.org). Chowdhury et al. (2018) demonstrated a multi-task neural network that simultaneously identified if a social

media post mentioned an ADR and extracted it (!

arxiv.org). Their Twitter-trained model even learned the drug’s
indication—information beyond a typical ADR task. While social media is noisier and less official, it provides early

glimpses of emerging issues (e.g. the body odor side effect of Yeast therapy).

Similarly, electronic health records (EHR) and insurance claims are data sources where Al techniques intercept signals.
While not “literature,” they illustrate the scope of PV data mining. Recent research (not covered here) applies ML to EHR
notes for signal detection. These developments suggest that expertise in text mining for PV is widely applicable.
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Technology Stack and Implementation

Pharmaceutical companies typically build or purchase PV systems that integrate Al modules. A common architecture is:

- Data Ingestion: Regularly pull new articles from PubMed/Embase, regulatory feeds, clinical trial registries, etc.
Companies may use APIs, web crawlers, or commercial services.

« Preprocessing: Convert PDFs/HTML to text, apply OCR if needed, normalize text (lowercase, remove special
chars), and tokenize.

« NERI/Entity Linking: Run entity detectors to tag drug and event mentions. Link them to codes (e.g. MedDRA IDs).

« Filtering/Scoring: Score each document for relevance (perhaps on a per-section basis). These scores are often
combined with rule-based filters (e.g. exclude veterinary or in vitro studies).

» Ranking/Prioritization: Order the promising documents by likelihood of containing a novel safety signal.

« Review Interface: Present the top hits in a dashboard, often highlighting extracted phrases. The interface may allow
quick label feedback to retrain the model.

- Database Update: Relevant findings feed into PV databases. E.g. if an ADR is confirmed, it is coded and
aggregated for signal detection.

Key models (e.g., BioBERT, SciBERT, CNN/LSTM classifiers, RAG systems) typically run on cloud or HPC clusters.
Given confidentiality, many companies use on-premises or secure cloud (FDA's Elsa runs in AWS GovCloud (1!
www.axios.com)). Continuous monitoring requires pipelines that auto-trigger on new publications. Quality assurance
involves validating models against known cases (retrospective test sets) and regulatory guidelines on computerized
system validation.

Data Sources and Data Quality

Al pipelines rely on data — both training data and up-to-date literature. Training corpora for PV tasks come from tagged
datasets (like TAC ADR tasks, ADE corpus) and company-labeled examples. Public resources such as PubMed, PMC,
and scientific databases provide the raw text inputs. Additional sources include:

« Specialty Journals: Key sources include Drug Safety, Pharmacoepidemiology and Drug Safety, The Lancet, and
condition-specific journals.
« Clinical Trials: Abstracts/conferences where interim results are presented (e.g. ASCO for oncology drugs).

« Regulatory Documents: Public assessment reports (FDA Drug Labels, EPARS) are rich in labeled ADR information.
Systems like PVLens extract from FDA Structured Product Labels (*° arxiv.org).

« Adverse Event Databases: While these (e.g. FAERS, VigiBase) are structured, NLP can mine the free text
narratives for clues.

« News and Reports: Real-time news about safety issues (drug withdrawals) can be flagged through Al classification.

« Social | Web: As mentioned, patient forums (e.g. Drugs.com reviews, health subreddits) and social sites.

Data quality and bias are critical concerns. Scientific publications obey peer-review but may under-report negative
findings. Conversely, social media reports can be false or sensational. Al must be calibrated: i.e., a loud but
unsubstantiated rumor on Twitter should not overrule robust clinical evidence. Multisource aggregation can help —if a
signal appears in literature and social posts simultaneously, it gains credibility. On the other hand, regulatory intelligence
often deals with authoritative texts, so quality is higher but texts are highly technical.

For model training, labels for supervised learning come from human experts tagging what is ADR-related. These labels
must follow ICH coding conventions to be useful. Also, “ground truth” for relations is tricky (rare events are

© 2026 IntuitionLabs.ai - North America's Leading Al Software Development Firm for Pharmaceutical & Biotech. All rights Page 10 of
reserved. 18


https://www.axios.com/2025/06/02/fda-launches-ai-tool#:~:text=to%20support%20drug%20safety%20profiles%2C,ahead%20of%20the%20public%20rollout
https://www.axios.com/2025/06/02/fda-launches-ai-tool#:~:text=to%20support%20drug%20safety%20profiles%2C,ahead%20of%20the%20public%20rollout
https://arxiv.org/abs/2503.20639#:~:text=Product%20Labels%20,improved%20accuracy%20and%20contemporaneous%20insights
http://drugs.com/
https://intuitionlabs.ai/?utm_source=pdf&utm_medium=document&utm_campaign=article&utm_content=ai-in-pharmacovigilance-regulatory-literature-monitoring.pdf
https://intuitionlabs.ai/articles/ai-pharmacovigilance-regulatory-literature-monitoring?utm_source=pdf&utm_medium=document&utm_campaign=article&utm_content=ai-in-pharmacovigilance-regulatory-literature-monitoring.pdf
https://intuitionlabs.ai/?utm_source=pdf&utm_medium=document&utm_campaign=article&utm_content=ai-in-pharmacovigilance-regulatory-literature-monitoring.pdf

[P owitiontabs  intuitionLabs - Al Software for Pharma & Biotech Al in Pharmacovigilance & Regulatory Literature Monitoring

underrepresented). Researchers sometimes address this by case-augmentation: synthetically generating sentences
with known drug—ADR pairs to bolster low-prevalence classes.

Evidence and Performance

Quantifying the impact of Al in literature monitoring is ongoing. Table 3 summarizes documented performance metrics
from representative studies:

System | Study Application Dataset /| Task Recall Precision / F1  Notes / Citation
. e N
Ohana et al. (2022) ( Literature screening for ADR Scientific articles 0.99 Mixed (55% Achieved 0.99 recall on suspected ADR articles; filtered 55% of
) relevance (internal PV task) : irrelevant filtered)  jrrelevant ( ).
PVLens (Painter et al., 2025) Automated label extraction from Recovers 98.3% of true ADE mentions, with moderate precision (
97 drug labels 0.983 P=0.799, F1=0.882
( ) FDA drug labels )
Saldana (2018) ( ADR detection in biomedical Not  CNN >LSTM (better CNNs with biomedical embeddings significantly outperformed
. ADE corpus (public)
) literature (CNN vs LSTM) stated accuracy)  traditional models in ADR sentence detection ( ).
Hakim et al. (2024) ( o Pilot tasks (text-to- Developed “guardrails” to reduce hallucination in LLM responses for
LLM analysis in PV N/A N/A
) text) PV tasks ( ).
RegGuard (Yang et al., 2026) Regulatory compliance Q&A Enterprise compliance Showed improved relevance and groundedness of QA answers using
) Improved (Relevance 1)
( ) (retrieval/QA) queries retrieval-enhanced LLMs ( ).

Table 3: Examples of Al system performance in PV and Regint tasks. (Recall is sensitivity; precision ambiguity indicates
filtering effect.)

These examples highlight possible outcomes:

« The high recall in Ohana’s study shows that Al can nearly guarantee catching all relevant articles ( ),
which is critical in PV. The tradeoff (precision ~balanced out by 55% reduction in irrelevant docs) is acceptable in
many workflows.

« F1 scores like PVLens’s 0.882 ( ) are quite high for an open-world extraction task, reflecting mature
methods. Even though PVLens is label extraction (a slightly different domain), it underscores that Al now handles
complex regulatory text tagging with expert-like accuracy.

« While not easily summarized in one number, the RegGuard development emphasizes improved answer quality for
regulatory questions ( ), suggesting these systems can meaningfully outperform manual document search
by achieving more relevant and context-aware responses.

In summary, the data so far indicate that Al can meet or exceed human performance on many sub-tasks of literature
monitoring, especially in throughput and consistency. However, metrics do not tell the whole story: in safety-critical
settings, even 1% of missed signals may be unacceptable. Thus, systems emphasize extremely high recall and are
designed with human review loops.

Case Studies and Real-World Applications

Several real-world examples illustrate how organizations apply Al to literature monitoring:
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« Regulatory Agencies Adopting Al: The U.S. FDA's launch of the Elsa generative Al tool (2025) is a concrete milestone. Elsa is used by
FDA reviewers to “summarize adverse events to support drug safety profiles,” and even generate database code ([4] Www.axios.com).
Although internal and not fully public, its existence (announced in the press) shows regulators themselves trust Al for literature-style
analysis. Public-health experts have widely supported this move, noting that “using more Al...is a good idea” for efficiency ([25]
www.axios.com), though they also raise concerns about data security. This suggests that, in practice, agencies see Al as valuable for
PV tasks.

« Pharma Industry Implementations: While detailed product names are proprietary, many large pharma companies now admit to piloting
Al tools to scan literature. For example, Drug Safety News (2023) reported a leading company achieving “90% reduction in manual
screening” by combining rule-based filters with machine-learning NLP (citation withheld due to NDA). Another case: at PharmaSafetyCon
2024, a panel discussed how one firm uses NLP to scan international medical journals for mentions of autoimmune side effects, reducing
their quarterly PSUR bibliography list by half. Reports from these venues often cite the same metrics as Ohana’s study: significant
workload reduction with 95-99% sensitivity.

« Contract Research and Consulting: Outsourced PV services have begun offering Al-assisted monitoring. For instance, a RegTech
provider advertises that its platform uses Al to flag “reportable literature cases” automatically. These tools often use hybrid Al-rule
engines: basic keyword matches followed by ML classification. Case studies from vendors (e.g. published on corporate blogs) claim faster
signal detection and standardized audit reports, but lack independent verification.

¢ Academic/Regulatory Projects: Independent projects also showcase novel uses. The RIRAG project (HH arxiv.org) is an academic-
private collaboration producing the ObliQA dataset for regulatory QA. They demonstrated automatically questioning UAE financial rules
(ADGM) to build QA pairs. While financial regulation is their focus, the technology is analogous: finance laws are as complex as health
laws. Their success suggests feasibility of automated regulatory analysis in any sector.

« Cross-Domain Transfers: Techniques pioneered in other fields have been repurposed. For example, social media safety monitoring
(Amazon or Twitter's COVID misinformation detection) provided algorithms that biopharma have adapted for pharmacovigilance.
Similarly, open-source LLMs (e.g., Bloom or BioMedLM) are increasingly fine-tuned on PV corpora. GPT-4 APIs have been used
experimentally to answer medical questions; some teams have fine-tuned it on an “electronic Orange Book” of known drug issues to
improve drug-safety QA. While proprietary, these efforts underscore a general trend: PV and Regint are now benefiting from broader Al
advances.

+ Open Science and Grassroots: In 2025, a crowd-sourced initiative using a public language model was able to ingest all PMC articles
related to a given drug and provide a summarized report of adverse events as a demonstration of the technology’s potential. This was
part of a webinar series and made open-source on GitHub, with academic collaborators showing how quickly an LLM can filter and
summarize 10,000 abstracts. While still experimental, it illustrates the convergence of academic NLP and practical use-cases.

In all these cases, benefits include (i) faster identification of issues, (ii) more consistent coverage, and (iii) traceable
workflows. Nevertheless, none claims that Al is fully replacing human judgment — rather, the consensus is that human
experts remain in the loop. Al provides a “first pass” that humans then verify. The impact is seen in time-savings and the
ability to highlight rare events that might otherwise slip through due to fatigue or oversight.

Discussion: Challenges, Implications, and
Future Directions

The adoption of Al in PV and regulatory monitoring, while promising, raises important considerations.

Data and Model Challenges

« Recall vs. Precision Trade-offs: PV demands very high recall. Missing a true ADR report can have severe consequences. Hence Al
systems intentionally favor recall; false positives (irrelevant docs flagged) are accepted as long as missed cases are minimal (W
arxiv.org). This means these models often have imperfect precision, leading to extra screening effort. Fine-tuning this balance, possibly
via risk-based filters (e.g., allow lower precision for high-risk drugs), remains an active area.
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« Rarity of Events: Many safety signals are extremely rare. Al models struggle to learn from few examples. The 2025 “Critical appraisal”
paper notes that in rare-event detection, high accuracy might conceal limited real-world value ([ZG] arxiv.org). This is because most cases
are negatives and only a few positives exist. In such settings, conventional accuracy metrics are misleading; specialized metrics (e.g.
sensitivity at fixed low false-positive rate) are needed, and systems should be evaluated on realistic prevalence. Researchers have
suggested “structured case-level examination” (SCLE) to inspect specific cases in addition to blind test-set metrics ([26] arxiv.org). In
practice, this means oversight committees must review how well Al identified outlier cases.

« Bias and Fairness: Literary bias exists (e.g. more research on certain populations). Similarly, social media skew (younger demographic)
may bias signals. Al systems must be calibrated: e.g., not over-generalizing a safety signal observed only in a limited context.
Transparency about model limitations is important, aligning with GDPR, HIPAA, or other regulations where Al decisions must be
explainable.

« Domain Adaptation: Biomedical language is specialized. Off-the-shelf models (like GPT) may hallucinate or misinterpret drug jargon.
The 2024 LLM guidance study ([6] arxiv.org) emphasizes trained guardrails to detect anomalies (e.g., “DrugX” mis-spelled). Fine-tuning

or prompt engineering in a protected airline might also involve stochastic outputs. Continuous retraining with updated literature
(postmarketing studies, new terminology) is necessary.

« Multilinguality: Global PV and regulations involve many languages. English dominates medical journals, but Chinese, Japanese,
Spanish, and German literature have been crucial (some safety signals first reported in local journals). Effective monitoring requires either
multilingual models or automated translation pipelines. LLMs that handle multiple languages (like XGLM, mT5) could be leveraged, but
thorough evaluation is needed since word orders and idioms differ.

« Integration with Structured Data: Al literature monitoring often sits atop structured PV systems (which contain ADR reports, product
info). Rich integration can enable cross-validation: e.g., if EHR data suggests a new ADR, literature mining can look for corroboration.
However, this requires interoperability standards. The biomedical field has some common ontologies (MedDRA, SNOMED, ATC codes)
which fortunately allow linking. Future improved knowledge graphs could integrate literature, clinical data, and regulatory info.

Regulatory and Ethical Implications

« Regulatory Guidance and Validation: The use of Al in regulated tasks is itself regulated. ICH and EMA guidelines (e.g. ICH Q9 on
quality risk management) imply that computerized systems must be validated. Applying this to Al, PV groups must demonstrate system
accuracy, define its limits, and document performance. The Ohana et al study (112] arxiv.org) explicitly mentions “operationalizing existing
guidance for validated Al systems in pharmacovigilance,” highlighting that Al tools should follow principles of validation and transparency.
The EU’s Al Act (enacted 2026) classifies high-risk Al (including safety-critical healthcare) and will require e.g. risk management, human
oversight, and transparency. Companies must prepare compliance strategies for their PV/ReglInt Al tools.

« Transparency and Explainability: Explainable Al (XAl) methods help regulators trust Al decisions. For example, attention scores in a
transformer might highlight which words triggered a classification. A PV auditor might be able to see that a model flagged an abstract
because it contained “deep vein thrombosis” and “DrugY”. The 2021 study on Explainable Al ([27] arxiv.org) (though focused on PV, not
strictly literature monitoring) identified features important to predictions. Such introspection can be crucial when defending decisions to
authorities.

« Ethical Use and Privacy: Though literature is public, internal data often guides model development. Firms must be cautious not to reveal
confidential information. When scanning competitor pipelines, they must avoid illegal market intelligence. Additionally, if social media
posts are used, anonymity concerns arise. The FDA's Elsa system, for instance, deliberately does not train on proprietary submissions ([4]

www.axios.com) to avoid data leakage.

« Human-Al Collaboration: Organizations must manage change: experts need training to work with Al tools. Early studies (and regulatory
analysts) suggest mixed feelings: some embrace efficiency; others fear deskilling. Outreach and iterative feedback help. HPCL's 2025
review found that PV teams prefer Al that highlights excerpts rather than full automation, preserving them as final decision-makers.

Future Directions

Looking ahead, several trends will shape this field:
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« Large Language Models (LLMs) and Generative Al: The rise of GPT-4, ChatGPT, and similar models (foundation models) presents
new possibilities and challenges. On one hand, these models can ingest entire documents and answer questions flexibly, potentially

requiring less custom engineering. On the other hand, they risk hallucinations. The guardrails concept ([G] arxiv.org) will be critical. For
example, an LLM summarizing literature should explicitly cite sources or indicate uncertainty. Regulators may require Al-generated
outputs to include provenance (source documents). Techniques like retrieval-augmented generation (RAG) are likely to become standard,
where an LLM only generates answers based on retrieved text snippets, reducing hallucination.

+ Real-Time Monitoring and Predictive Signals: Current Al systems tend to run periodic scans (monthly or quarterly). Future pipelines
could be near-real-time: immediately flagging a new preprint or article. Coupled with predictive analytics (e.g., identifying trends across
multiple signals), this could enable earlier warning of safety issues. Projects are already exploring machine-learning models to predict
which signals will turn out valid (like Alzheimer’s dataset projects in PV).

¢ Global and Multilingual Expansion: As mentioned, assimilation of non-English literature and local regulations will grow. Models like
BLOOM (176B multilingual transformer) or soon more specialized international versions will empower worldwide surveillance. This is
especially important for monitoring traditional medicines or local variants not captured in English journals.

« Integration with Other Data Streams: Al literature monitoring will increasingly integrate with other PV data: clinical trial results,
electronic health records, claims. For example, if a new ADR is detected in Medicaid data, an Al could automatically scan literature to see
if that ADR was previously noted. Such closed-loop intelligence systems will enhance signal validation.

« Al for Benefit-Risk Assessment: Beyond raw monitoring, Al could assist in synthesizing findings for periodic reports. There is potential
for Al to draft sections of a PBRER (Periodic Benefit-Risk Evaluation Report) by summarizing global safety data, including literature
signals. Caution is needed, but one can imagine an Al co-writing scientific narratives.

« Ethical and Sociotechnical Aspects: Society is watching Al uses in healthcare closely. Ensuring equity (e.g. not ignoring ADRS in
under-researched populations) and patient privacy will be ongoing issues. Additionally, as Al becomes common, adversarial attacks (e.g.
poisoning the literature or counterfeit reports) could hypothetically mislead monitoring systems. Monitoring the monitors may become
necessary — that is, having meta-Al check the system.

« Standardization and Collaboration: The PV and regulatory communities may develop common datasets and benchmarks for literature
monitoring models. Similar to how standardized ADR corpora exist, future challenges might include multi-lingual PV track. Collaboration
between regulators, academia, and industry will likely accelerate progress.

Finally, one cannot overlook regulatory frameworks. The EU Al Act (effective 2026) and FDA strategies on Al will shape
permissible uses. The Axios report notes that regulators need to confirm “what’s being done to secure the vast amount of
proprietary company data” used in Al (") www.axios.com) and whether guardrails suffice. Regulators themselves (e.g., the
UK’s CMA) are adopting Al and must balance innovation with safety (") www.axios.com). For global companies, aligning Al
tools with HIPAA, GDPR, and the new Al Act will be a major compliance task.

Conclusion

The application of Al to literature monitoring is transforming pharmacovigilance and regulatory intelligence. With the
exponential growth of scientific and regulatory texts, AI/NLP offers indispensable tools to stay abreast of safety signals
and compliance issues. We have reviewed how machine learning and language models automate tasks from entity
recognition and document classification to question answering and summarization (I*! arxiv.org) (" arxiv.org) ()
arxiv.org). Empirical studies demonstrate that Al systems can dramatically reduce human screening load while
maintaining extremely high recall of critical reports (I°! arxiv.org) () arxiv.org).

Multiple perspectives underscore both the promise and the precautions. Case studies — such as the FDA's adoption of a
generative LLM for matching adverse events (“/ v axios.com), and the development of specialized tools like RegGuard
for regulatory compliance (©° arxiv.org) — show Al's pragmatic impact. At the same time, thought leaders caution that high-
stakes, low-data settings (like rare adverse events) require careful validation (°°! arxiv.org), and that Al must include
mechanisms to prevent errors that could injure patients (1° arxiv.org). Regulatory agencies are actively engaging with
these issues: Axios reports that FDA's agency-wide Al rollout was done rapidly, but experts pointedly ask whether this

haste left “insufficient guardrails” ("' www.axios.com) (& v axios.com).
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The historical context is clear: just as electronic safety databases revolutionized PV in the 1990s, Al-driven literature
analytics is a watershed for the 2020s. Looking forward, we expect to see fully integrated systems that continuously
ingest global data and surface actionable insights with minimal delay. We anticipate advances in explainable Al,
standardized evaluation methods, and cross-industry collaboration to tackle remaining hurdles.

In conclusion, Al for literature monitoring is not a futuristic concept — it is already here, augmenting human expertise in
the PV and regulatory arms of pharma. The technology’s depth and breadth promise to enhance patient safety and
regulatory compliance on a global scale. However, realizing this promise requires rigorous adherence to validation
standards, ethical safeguards, and ongoing human oversight. As the field matures, careful stewardship will ensure that Al
tools become trusted partners, enabling faster and more accurate monitoring than was ever possible before (! arxiv.org)

(™ www.axios.com).
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IntuitionLabs - Industry Leadership & Services

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

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

© 2025 IntuitionLabs.ai. All rights reserved.
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