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Disclaimer

This presentation reflects the views of the author
and should not be construed to represent FDA’s
views or policies.
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Artificial Intelligence

What is Artificial Intelligence (Al)?

* “Itis the science and engineering of making
intelligent machines, especially intelligent
computer programs.” by John McCarthy in 2004

e Alis transforming many areas of everyday life:
 ATM (automated teller machine)

* Smartphone (e.g., face recognition)

e Autopilot
e Chatbot

* Personalized recommendation
www.fda.gov



Al offers opportunities to facilitate generic
drug development and regulatory assessment

e Development of automation tools:

— Enhanced efficiency (e.g., saving time)
— Improved consistency (e.g., reducing human error)

— High-quality deliverables

e Utilization of advanced data analytics methods:

— Promoting business intelligence

— Supporting regulatory assessment
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Al offers opportunities to facilitate generic
drug development and regulatory assessment

e Development of automation tools:

— Enhanced efficiency (e.g., saving time)

— Improved consistency (e.g., reducing human error)

— High-quality deliverables

e Utilization of advanced data analytics methods [1-5]:

— Promoting business intelligence

— Supporting regulatory assessment
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Development of automation tools

* Aims:
— Automating labor-intensive works

— Enhancing efficiency, consistency and quality

e Challenges:

— Data sufficiency

— Pattern recognition

— Al model selection

— Dealing with unstructured data
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An ongoing effort: Text Analysis and Machine [\
Learning to Facilitate PSG Development isrousci0i0

Machine learning
based data tools Ch allengeS:

* Evolving layouts of source documents (e.g.,
drug labeling and internal review documents).

Data/Table coltéction
from varidus sources

* Need for information retrieval based on semantic
understanding.

Encoder

Information N
[ Text Representation | « Capturing information from unstructured text
) ! N (e.g., reviewer’s analysis/comments in review
nformation Nee
3 Summary documents)

Information Comments

summary  Conclusion » Choosing a proper Natural Language
(20-30%) Justification Processing (NLP) model

Information Retrieval
(50-60%)

PSG development for immediate-release product
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Sematic understanding-based information
retrieval from drug labeling for “food effect”

EXAMPLE 1: NDA 205832

Absorption
Nintedanib reached maximum plasma concentrations approximately

2 to 4 hours after oral administration as a soft gelatin capsule under
fed conditions. The absolute bioavailability of a 100 mg dose was
4.7% (90% CI:3.62 to 6.08) in healthy volunteers. Absorption and
bioavailability are decreased by transporter effects and substantial
first-pass metabolism.

After food intake, nintedanib exposure increased by approximately
20% compared to administration under fasted conditions (90% CI:
95.3% to 152.5%) and absorption was delayed (median t,,, fasted:
2.00 hours; fed: 3.98 hours), irrespective of the food type.

https://dailymed.nlm.nih.gov/dailymed/druginfo.cfm?setid=dalc9f37-779e-
4682-816f-93d0faadcfc9

FOA

EXAMPLE 2: NDA 210491

Absorption
After a single dose in healthy subjects in the fed state, tezacaftor

was absorbed with a median (range) time to maximum concentration
(tna) Of approximately 4 hours (2 to 6 hours). The median (range)
tax Of ivacaftor was approximately 6 hours (3 to 10 hours) in the fed
state.

When a single dose of tezacaftor/ivacaftor was administered with
fat-containing foods, tezacaftor exposure was similar and ivacaftor
exposure was approximately 3 times higher than when taken in a
fasting state.

https://dailymed.nlm.nih.gov/dailymed/druginfo.cfm?setid=302ae804-37db-
44fd-ac2f-3dbdeda9aadb

Note: keyword searching does not work for this task. For example, searching for “food” will lead

to a high false positive rate.
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* The state-of-the-art Bidirectional Encoder Representations from
Transformers (BERT) model was used for this NLP application.

Current progress

* An NLP pipeline was developed to extract drug product
information (e.g., ADME information) from drug labeling with
minimal human intervention.

* A paper on automatic ADME information retrieval from drug

labeling was published (Frontiers in Research Metrics and
Analytics) [6].
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Discussion

* Al technologies bring opportunities to advance development and
regulatory assessment of generic drugs.

* We need your input and insight on how to take full advantage of
this opportunity to facilitate generic drug development.

* Please join the following panel discussion to share your
thoughts/ideas.
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