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Disclaimer

The views and opinions | express in this presentation are solely my own and do not
represent the views, positions, or endorsements of any organization | am
affiliated with, past or present. Any examples, case studies, or references shared
are for illustrative purposes only and do not imply any official stance or
endorsement.

This presentation is intended for informational purposes only and should not be
construed as legal, financial, or healthcare advice. Attendees should exercise
their own judgment and consult relevant professionals before making any decisions
based on the information provided.




GenAl or Not?




Overcoming Pharma Data Challenges with Gen Al

DATA LANDSCAPE STRUGGLES

Traditional data analytics
struggle with data silos,
manual interpretation, and
slow decision-making.

Pharma generates massive,
complex datasets from
R&D, clinical trials,
regulatory reports, and
real-world data.

Al models that can synthesize, Not just automation, but an
predict, and generate insights from intelligence amplifier for strategic
vast datasets. decision-making.
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Pharma is one of the most data-intensive industries, yet extracting actionable
insights from this vast data remains a challenge. The industry deals with an
enormous amount of structured and unstructured data—ranging from clinical
trial reports, regulatory filings, and real-world patient data to scientific
publications and handwritten medical notes.

Traditional analytics approaches fall short because they primarily rely on
structured data formats—databases, spreadsheets, and predefined reports.
However, nearly 80% of pharma-related data is unstructured (e.g., PDFs,
handwritten physician notes, regulatory documents, research papers), making it
extremely difficult to analyze using conventional business intelligence tools.

GenAl changes this paradigm. Al-powered models can process millions of
unstructured records in minutes, summarizing patient responses, identifying
patterns, and even predicting potential safety concerns before they escalate—
transforming how decisions are made in real-time.




Overview of Al, NLP and LLM

Artificial Intelligence

Technology (hard- or software) that mimics intelligence as we know it.

Machine Learning

Algorithms that are trained or learn from data to make predictions or
obtain insights

Deep Learning

More advanced & powerful ML that also need much more data (neural
networks)

Generative Al

A specific type of DL algorithm that is capable of generating new data
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How GenAl can Power Strategic Pharma Decision-Making

4 D
K
002 Summarization
» . Extracts insights from regulatory documents, scientific literature, and
Traditional Analytics trial reports.
Descriptive & Diagnostic
Aids decision making through
recommendations, filtering, &
predictions o .
L J Predictive Modeling
Forecasts drug efficacy, patient response, and trial success rates.
]
Generative Al
Predictive, Prescriptive & Generative
Generates new content & learns the
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ClOs must recognize that GenAl doesn’t replace existing analytics but
supercharges decision-making by automating insight generation and predicting
outcomes.

The traditional approach to analytics in pharma is largely retrospective: it

involves analyzing historical data to understand what happened and why. While
useful, it is reactive rather than proactive.

GenAl moves beyond this by offering predictive and prescriptive analytics.
Instead of just describing past events, Al can:

* Forecast which drug candidates are most likely to succeed in clinical
trials.

* Predict which patient subgroups will respond best to a therapy,
helping personalize medicine.

* |dentify potential adverse effects or anomalies in real-time,
preventing costly delays.”

Example: Imagine a pharma company preparing for a new drug launch.




Traditional analytics might look at past sales trends and physician prescribing
habits. But GenAl-powered models can:

* Analyze millions of medical records, clinical trial data, and real-
world evidence to predict market adoption rates.

* |dentify potential barriers to adoption, such as reimbursement
hurdles or off-label prescribing risks.

* Generate personalized sales strategies by clustering physicians
based on prescribing behaviors.

With GenAl, executives no longer rely solely on static reports. Instead, they

get real-time, adaptive insights that allow them to make faster, more informed
strategic decisions.



Gen Al: Architecture Overview

Generative Al
Al models capable of generating new content

Foundation Model
A model trained on a wide-ranging dataset that can be adapted for various specific
applications through fine-tuning.

Task-specific Model
A model designed to excel in a singular task; which may be developed independently or
derived through the fine-tuning of a Foundation model.

Fine-tuning
The method of adapting a foundational model for a particular task by applying extra
training, a process also referred to as transfer learning.

Reinforcement Learning through Human Feedback (RLHF)
A fine-tuning technique that uses human feedback in the training process.

References: Liang, P., Bommasani, R,, Lee, T., et al., 2023. Holistic Evaluation of Language Models. Transactions on Machine Learning Research,
[online] Available at: https://aiv.org/pdf/2211,09110,pdf, OpenAl. (2023) GPT-4 System Card, OpenAl, March 23. Available at:
openai 4 dLopdf, Aicadium. (n.d.), Aicadium. Available at: https://aicadium.ai/
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https://arxiv.org/pdf/2211.09110.pdf
https://cdn.openai.com/papers/gpt-4-system-card.pdf

Al Powered Drug Discovery

USE CASE




Traditional Drug Discovery is Expensive and Slow

High failure rates:

- — =
High Cost: 1 90% of drug
Drug discovery TTTTS candidates fail in
typically takes 5-10 clinical trials due to
years and costs unforeseen safety
$2.6 billion or more fISIfS or lack of
per drug efficacy.
Source: Lufts Center for the Studv of Drug
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Imagine you're a researcher working on a potential cure for a rare disease. You
spend years testing compounds, running simulations, and conducting expensive
lab experiments—only to find out your drug fails in clinical trials.

This is the reality of traditional drug discovery—it’s a slow, costly, and high-risk
process where over 90% of drug candidates fail before they ever reach the
market.

The pharmaceutical industry needs a better way to navigate this challenge, and
that’s where Generative Al can be helpful.



https://csdd.tufts.edu/
https://csdd.tufts.edu/

How Al Accelerates Drug Discovery

Identify the Generating leads for Optimizing leads
target disease potential treatments
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The drug discovery process can be broken down into three simple phases:

1. Drug Discovery - Identifying potential molecules.
2. Preclinical Testing — Evaluating safety and efficacy.
3. Clinical Trials — Testing on humans before approval.

At a glance, these seem like clear, structured steps. But just like an iceberg,
what we see on the surface is only a fraction of the true effort involved.

Beneath the surface lies an excruciatingly complex, time-consuming
process—one that requires analyzing quadrillions of molecule-target
interactions, running countless simulations, and navigating vast datasets. This
hidden workload is what makes drug discovery such a painstaking, resource-
intensive endeavor. This is where Gen Al serves as a powerful productivity
booster.

11



For example, Nvidia’s collaboration with Recursion Pharmaceuticals
demonstrates how Al accelerates, rather than replaces, human efforts. Their Al-
driven molecular screening analyzed quadrillions of molecule-target pairs—a
task that would have taken millennia using traditional methods—yet Al
helped complete it within a week.

Al is not replacing scientists but enhancing their productivity, allowing
researchers to focus on higher-value decisions rather than being bogged
down by sheer data volume. It enables faster iterations, better insights, and
more efficient pathways to discovery, making the hidden complexities of drug
development far more manageable.

11



How Al Accelerates Drug Discovery

Al engine, which scanned
through millions of potential
molecules, predicting which
ones would be effective against
IPF.
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Another inspiring use case comes from insilico medicine which partnered with
Nvidia and used generative Al to develop a treatment for IPF - a type of chronic
lung disease in a fraction of the usual time and costs.

This breakthrough demonstrates the potential of Al to bring new treatment to
clinical trials much faster.

Let’s dive a bit deeper in this use case.

A few years ago, if you had told a pharmaceutical executive that an Al could
design a drug from scratch, test it, and move it into human trials in under 30
months, they would have laughed.

But that’s exactly what happened with ISM001-055, a drug candidate for
idiopathic pulmonary fibrosis (IPF), a severe lung disease with very few

treatment options.

The story starts with Insilico Medicine’s Al engine, which scanned through
millions of potential molecules, predicting which ones would be effective
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against IPF.

The Al wasn’t just making guesses—it used a sophisticated model that
considered drug-likeness, toxicity risks, and potential side effects.

Once the Al selected the top-performing molecule, Insilico’s human
researchers stepped in—testing it in the lab, running animal studies, and
eventually moving it into clinical trials.

This collaboration between Al and human scientists led to something
unprecedented—a completely Al-designed drug moving from discovery to
Phase | trials in under 30 months, compared to the typical 5-10 years.

Now, the drug has successfully completed Phase lla trials, showing safety
and early signs of effectiveness in treating IPF.

The implications are huge: If Al can do this for one disease, what’s stopping it
from accelerating treatments for cancer, Alzheimer’s, or rare genetic
disorders?
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Now, does this mean Al will solve all of pharma’s problems? Not quite. There is
no silver bullet. Al can certainly speed up the hit discovery process, but
success rates remain similar to traditional drug development.

A Nature study in 2023 found that only ~10% of Al-generated molecules make
it to human trials—which is about the same as traditional methods.

So while Al can cut costs and reduce R&D time, it doesn’t change the
fundamental challenges of clinical trials. Al is a powerful tool, but not a
magic fix—it enhances human expertise and productivity, rather than
replacing it.

Text to image LLM Prompt: A futuristic pharmaceutical-themed image with a
large, metallic silver bullet flying from the left side of the image to the right,
symbolizing that Al is not a magical solution but a productivity booster. The bullet
should be in motion, with subtle motion blur or light trails emphasizing its
trajectory. The background consists only of softly glowing DNA strands, creating
a clean and sophisticated visual effect. The focus is entirely on the silver bullet in
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motion, with minimal distractions. The color palette should align with earthy
greens, muted golds, soft grays, and whites, reflecting a professional and elegant
aesthetic. No text or words in the image.
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Earlier this month, UK-based Exscientia slipped into a pipeline update that a Phase
1/11 study of its cancer drug candidate EXS-21546 was winding down. That cut fol-
lowed a decision last year by its partner Sumitomo Pharma to abandon another of its
Al-designed drugs. In April, a test of BenevolentAl’s dermatitis drug fell short as well.
And Recursion Pharmaceuticals — the third of AI’s early generation — hasn’t record-
ed a trial failure but has had a handful of clinical setbacks that don’t necessarily bode
well.
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Al is powerful, but it’s not perfect; they can suggest molecules that look great on
paper, but later turn out to be toxic, ineffective, or even harmful.

Take Exscientia’s Al-designed cancer drug, for example. It was hailed as a
breakthrough, but when it reached clinical trials in 2024, it failed to meet
efficacy benchmarks.

This highlights an important lesson: Al accelerates the process, but it doesn’t
eliminate the need for human oversight, rigorous testing, and regulatory
approval.

Text to image LLM Prompt: A futuristic pharmaceutical-themed image with a
large, metallic silver bullet flying from the left side of the image to the right,
symbolizing that Al is not a magical solution but a productivity booster. The bullet
should be in motion, with subtle motion blur or light trails emphasizing its
trajectory. The background consists only of softly glowing DNA strands, creating
a clean and sophisticated visual effect. The focus is entirely on the silver bullet in
motion, with minimal distractions. The color palette should align with earthy
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greens, muted golds, soft grays, and whites, reflecting a professional and elegant
aesthetic. No text or words in the image.
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En Al-Discovered Drugs Get Approved?

* FDA/EMA oversight requires Al-generated drugs to meet

traditional clinical validation. - FDA
* Regulatory challenges: 0 Yisa @
* Black-box Al issues - Lack of explainability in Al decision-making.

* Example: FDA rejected an Al-generated drug in 2023 due to lack of

transparency in safety assessment (Regulatory Affairs Journal,
2023).

* ISM001-055 received FDA Orphan Drug Designation in 2023 >
Regulatory recognition but not full approval.

* Takeaway: Al-designed drugs still require rigorous clinical trials
and safety validation.

@ 15

Al is moving fast, but regulatory agencies aren’t keeping up at the same
speed.

For Al-designed drugs to be approved, regulators like the FDA and EMA require
companies to explain Al-driven decisions.

In 2023, the FDA rejected an Al-desighed drug submission due to lack of
explainability in its safety assessment.

One major issue is that Al models is perceived work as black boxes—they
might effectively be able to predict a molecule, but they can’t always explain
why.

Regulators are working on Al validation frameworks, but for now, pharma
companies must ensure transparency in Al-driven decisions to get approval.
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https://www.raps.org/news-and-articles/news-articles/2023/3/fda-ai-drug-approval-challenges
https://www.raps.org/news-and-articles/news-articles/2023/3/fda-ai-drug-approval-challenges

Lesson for IT Leaders in Pharma & MedTech

d

McKinsey & Company, 2023

So what does this mean for ClOs and pharma leaders?

Al is a tool for acceleration, not replacement. It won’t eliminate
scientists, but it will make them more efficient.

Al cuts down early R&D time, but clinical trials still take years.
Regulatory compliance is hon-negotiable. Al models must be
auditable and explainable to gain approval.

Data infrastructure is key. Without structured, high-quality data, Al
models won’t generate meaningful insights.

Investment in Al can reduce drug development costs by 25%, but
companies must be strategic in how they deploy it.

The message here is clear: Al is not the future of drug discovery—it’s

happening now. Companies that fail to integrate Al into their R&D process risk
falling behind.
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https://www.mckinsey.com/industries/life-sciences/our-insights/generative-ai-in-the-pharmaceutical-industry-moving-from-hype-to-reality

Source: https://www.youtube.com/watch?v=MogP-1hlVxs
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Non-Bio Use Cases for Bio Pharma Sector

Al-Powered Insights for
Personalized

Interactions

Al consolidates data from multiple
sources, including CRM systems, vi
reports, and external media, to generate
account-spe sights.

Sales reps receive personalized
suggestions on how to approach each
healthcare provider (HCP) based on
historical interactions and current
trends.

Predictive analytics recommends the
next best action, whether it's a call,
email, or meeting, ensuring reps stay
ahead of client needs.

The result is hyper-personalized
engagement  that increases  the
likelihood of converting leads into sales,
driving incremental revenue growth.

d

Real-Time Assistance
During Meetings

Al-powered tools can analyze customer
behavior and responses in real time
during meetings, providing sales reps
with instant recommendations on which
product features or solutions to
highlight.

This enables reps to adjust their pitch on
the fly, making the conversation more
relevant to the client’s immediate needs.
For less experienced sales reps, real-
time assistance shortens the learning
curve, allowing them to perform at a
higher level sooner.

Al ensures reps are equipped with the
most up-to-date information, leading to
more  confident and  informed
interactions.

Al tools streamline the process of
documenting  client Yy
automatically capturing key insights
and details discussed during the
meeting.

By integrating with CRM systems, Al
automates data entry tasks, freeing up
sales reps to spend more time on
relationship  building and  strategic
initiatives.

Follow-up actions, such as personalized
emails or next meeting suggestions, can
be auto-generated based on the client’s
needs and responses, ensuring timely
and relevant follow-up.

This automation enhances efficiel
reduces administrative burden,
ensures that no critical action is missed.

Al'tools can process vast amounts of
data from LinkedIn bios, healthcare
journals, and other digital sources to
uncover personal details about clients,
such as their professional interests,
recent publications, and industry
affiliations.

This relationship intelligence allows
sales reps to craft highly personalized
and relevant pitches, building stronger
connections with clients.

By understanding the specific needs and
preferences of each client, sales reps
can foster long-term, trusted
relationships, leading to better retention
and increased sales.
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Questions
& Answers

www.darrensim.com
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