Moirgan Lewis

ARTIFICIAL INT
AND CLINICAL T

Kathleen M. Sanzo :
Jacqueline R. Berman
Michele L. Buenafe

© 2021 Morgan, Lewis & Bockius LLP



Before we begin

Tech Support

If you are experiencing
technical difficulties,
please contact WebEx
Tech Support at
+1.866.779.3239.

Morgan Lewis

Q&A

The Q&A tab is located
near the bottom right
hand side of your
screen; choose “All
Panelists” before
clicking “Send.”

CLE

We will mention a code at some
point during the presentation
for attendees who requested
CLE. Please make note of that
code, and insert it in the pop-up
survey that will appear in a new
browser tab after you exit out of
this webinar. You will receive a
Certificate of Attendance from
our CLE team in approximately
30 to 45 days.

Audio

The audio will remain quiet until
we begin at 12:00 pm ET.

You will hear sound through
your computer
speakers/headphones
automatically. Make sure your
speakers are ON and
UNMUTED.

To access the audio for by
telephone, please click the
“phone” icon below your name
on the Participants Panel for
teleconference information.




What is artificial intelligence?

e "[A]ny computer [program] or system that does something we would
normally think of as intelligent in humans.”-Deloitte Insights

“extracts concepts and relationships form data”
— Learns from patterns
— Enhances what humans are able to do
— Interacts with humans in natural ways

Artificial Intelligence (Al)
Programming computers to perform tasks to mimic human capabilities- such as understanding language, recognizing
objects and sounds, learning, and problem solving — by using logic, decision trees, machine learning, or deep learning

Machine Learning (ML)

Subset of Al that gives “Computers the ability to learn without being explicitly programmed” -Arthur Samuel, 1959

Supervised Learning Unsupervised Learning
(labeled data) (data not labeled)

Deep Learning
Subset of ML: enable computer to teach itself FDA, Attificial Intelligence and Machine

by exposing it to vast amount of data Learning in Medical Devices, Executive
Summary for the Patient Engagement

Advisory Committee Meeting (Oct. 22,

2020)
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A variety of Al technologies exist and are being used in biopharma

P —— _—=* MACHINE LEARNING

’ A Code or programmes (algorithms) that teach computers things over time through experience. With

machine learning technologies, computers can be taught to analyse data, identify hidden patterns,

make classifications and predict future outcomes. The learning comes from these systems’ ability to
improve their accuracy over time without explicitly programmed instructions. There are also subsets
of machine learning:

< |
!\ } = deep learning: a subset of machine learning based upon a conceptual model of the
_ human brain called ‘neural networks’. It's called deep learning because the neural
networks have multiple layers that interconnect: an input layer that receives data,
hidden layers that compute the data and an output layer that delivers the analysis.
Deep learning is especially useful for analysing complex, rich and multidimensional
data, such as speech, images and video. It works best when used to analyse large
data sets.

= supervised learning: using labelled data to train a machine learning model

= unsupervised learning: algorithms that take a set of data that contain only inputs and
finds structure such as grouping or clustering of data points.

~———e SPEECH
A computer system able to understand human speech, including applications such as speech to
text and text to speech.

-———-—e NATURAL LANGUAGE PROCESSING (NLP)
Machines being able to understand and generate natural language in the form of highly
unstructured speech or text. NLP powers the voice-based interface for virtual assistants and
chatbots.

-——-—= COMPUTER VISION
The ability to extract meaning and intent from visual elements, whether characters (in the case of
document digitisation) or the categorisation of content in images, such as faces, objects, scenes
and activities. The technology behind facial recognition—computer vision—is a part of consumers’
everyday lives. For example, some mobile phones permit their owners to log in via facial
recognition. Computer vision technology “drives” driverless cars and animates cashier-less stores.

T— ———= PLANNING
A branch of Al that concerns the realisation of strategies or action sequences, typically for
execution by intelligent agents, autonomous robots and unmanned vehicles.

S~ —— .= EXPERT SYSTEMS
A computer system that emulates the decision-making ability of a human expert.

~——-——-—= ROBOTICS
Software that captures and interprets existing IT applications to enable transaction processing,

Mo Ioga n Lewis data manipulation and communication across multiple IT systems.

Source: Deloitte analysis.
Deloitte Insights | deloitte.com/insights



Necessity of AI/ML n

Clinical Trials
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Why now?

— Increased competition in drug marketing

— Increasing development time

— Shorter time in the market/expiring patents
— Declining peak sales

— Reimbursement pressures

— Increasing regulatory compliance costs

Morgan Lewis (6



Figure 6. Average R&D cost to develop a compound from discovery to launch, 2010-19
- original and extension cohorts
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Figure 7. Average forecast peak sales per pipeline asset, 2010-19

- original and extension cohorts
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Figure 2. Return on late-stage pipeline, 2010-19 - original and extension cohorts
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Why not?

e For the first time we have access to large amounts of BIG DATA, unlocking
potential AI and machine learning uses.

— "New streams of real world data (RWD) gathered from electronic health records (EHRS),
lab tests, wearable devices, insurance claims, and even social media can provide
important evidence on product safety and effectiveness in settings or populations that
may be very different than the information gleaned from registrational trials used for
approval™—Dr. Scott Gottlieb (2019)

Morgan Lewis (10]
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FDA APPROVALS FOR ARTIFICIAL INTELLIGENCE-BASED

DEVICES IN MEDICINE

Arterys Cardio DL
I EnsoSleep
Arterys Oncology DL
Idx
ContaCT
OsteoDetect
Guardian Connect System
EchoMD (AEF Software)
DreaMed
BriefCase
ProFound™ Al Software V2.1
Arterys MICA
SubtlePET
Al-ECG Platform
Accipiolx
icobrain
FerriSmart Analysis System
cmTriage
Deep Learning Image Reconstruction
HealthPNX
Advanced Intelligent Clear-IQ Engine
SubtleMR
Al-Rad Companion (Pulmonary)
Critical Care Suite
Al-Rod Companion (Cardiovascular)
EchoGo Core
TransparaTM
QuantX

Eko Analysis Software

Morgan Lewis

software analyzing cardiovascular images from MR

medical diognostic application

@ detection of diabetic r
stroke detection on CT
X-ray wrist fracture diagnosis
predicting blood glucose changes
echocardiogram analysis
managing Type l dicbetes
triage and diagnosis of time sensitive patients
breast density via mammogprahy
liver and lung cancer diagnosis on CT and MRI
radiology image processing software
ECG analysis support
acute intracranial hemorrhage triage algorithm
MR brain interpretation

mammeogram workflow

—

CT image reconstruction -
chest X-Ray assessment pneumaothorax

noise reduction algorithm

radiology imoge processing software

CT image reconstruction - pulmonary

chest X-Ray assessment pneumotharax

CT image reconstruction - cardiovascular

quantification and reporting of results of cardiovascular fun’

mammogram workflow
radiological softw are for lesions suspicious for cancer

cardiac Monitor

S. Benjamens, et al., The state of artificial intelligence-based FDA-approved medical
devices and algorithms: an online database, 3 NPJ Digital Medicine (2020)
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Current FDA AI Approach

e FDA released its AI/ML Software as a Medical Device Action Plan J< oo & bRLE
in January 2021: BB

— Five-part Action Plan:

— Does not provide guidance on when AI/ML software may be
subject to FDA oversight

e FDA launched the Digital health Center for Excellence in
September 2020
Morgan Lewis

Regulatory framework for AI/ML software — issue a new draft
gUidance on Predetermined Change Control Plan Artificial Intelligence/Machine Learning [Al/ML]-Based

Encourage harmonization for Good Machine Learning Practice Software as a Medical Device (SaMD) AGEEN.
development January 2021

Promote transparency to users, develop recommendations for
AI/ML labeling

Support regulatory science efforts to develop methodology for
evaluation/improvement of ML algorithms, including efforts to
identify and eliminate bias

Work with stakeholders piloting real world performance based
software




Current FDA AI Approach

¢ Clinical Decision Support Software

1.

Is not “intended to acquire, process, or analyze a medical
image or a signal from an /n vitro diagnostic device or
signal acquisition system”

Is intended for the purpose of “displaying, analyzing, or
printing medical information about a patient or other
medical information (such as peer-reviewed clinical studies
and clinical practice guidelines)”

Is intended for the purpose of “supporting or providing
recommendations to a health care professional about
prevention, diagnosis, or treatment of a disease or
condition”

Is intended for the purpose of “enabling such health care
professional to independently review the basis for such
recommendations that such software presents so that it is
not the intent that such health care professional rely
primarily on any of such recommendations to make a
clinical diagnosis or treatment decision regarding an
individual patient”

Morgan Lewis

Contains Nonbinding Recommendations
Draft - Not for Implementation

Clinical Decision Support Software

Draft Guidance for Industry and
Food and Drug Administration Staff
DRAFT GUIDANCE

This draft guidance document is being distributed for comment purposes
only

Document issued on September 27, 2019,

US. Department of Health and Human Services

Food and Drug Admi

U.S. FOOD & DRUG

ADMINISTRATION

Office of Combination Products in the Office of the Commissioner



th Therag
inica

Current Status of Al /
use wi
and CI

| Trials

Morgan Lewis



Al and Biopharmaceuticals

e Current Action Plan is silent on AI/ML’s application to pharmaceutical/biologic products

Combination Products Coalition Pharmaceutical Research and

The scope of applicability of AlI/ML to healthcare is Manufacturers of America

not yet known, however, based on industry’s early

understanding, we can predict that this

technology will have a fundamental impact on

how we execute clinical trials, interpret clinical

data, and help inform healthcare practitioners PhRMA urges [CDRH] to collaborate with [CDER] and
of ideal therapies for patients. ....The CPC [CBER] to develop a coordinated, consistent, and
further requests that any future discussion papers agency-wide approach to regulating Al/ML-based

on AlI/ML, as well as any other topic papers or software products....PhRMA also encourages FDA to
communications related to digital health, involve develop policies that help facilitate innovation around Al/ML-
[CDER] and [CBER] and include considerations based software to advance medical research and
around systems that achieve or influence use development and improve health care, including policies
of drug and biological products. The CPC urges regarding software that relates to prescription drugs.,

FDA to develop coordinated and consistent such as software in combination products or software
digital health policies across FDA centers to that is not a device. ...

reduce regulatory burdens and support digital
health innovation that ultimately helps patients.

Morgan Lewis




Prescription Drug Use Related Software

e Nov. 2018 FDA established a docket to solicit comments on a

— Focuses on software output presented to the end user and not on the software itself
— Does not address software developed for use with prescription drugs
— As of 2018, FDA focused on the drug related software as

— While FDA anticipates that some prescription drug-use-related software will meet the
definition of a device, other prescription drug-use-related software will not meet this
definition. This proposed framework does not alter the regulatory framework for
devices, but focuses on the output of software disseminated by or on behalf of a drug

sponsor for use with one or more of its prescription drug(s).

Morgan Lewis (17)



The traditional approach to clinical development is a lengthy process with only
10 per cent success rate

Research &
discovery

® Q

/

4

d EARLY PHASEI ‘o >

\

Optional flrst-m human
trials - single
sub-therapeutic dose of
study drug given to
small number
of subjects (10-15) to
test the body's
1ESPONSes.

Clinical
development

o Q\

Often first-in-person
trials. Testing within
small group of peaple
(20-80) to evaluate
safely, determine safe
dosage and identify
potential side effects.

Takes 3-6 months.
Around 70% move to
next phase.

‘ glanufacturlng

supply chain

\\
\

Teslmgwﬂh larger
groupof people
(100-300) to
determine efficacy and
tofurther evaluate
safety - usually against
aplacebo.

Takes 1-2 years.
Around 33% move to
next phase.

Launch &
commercial

2

Testing with much larger
group of
people (1,000-3,000)
to confim
efficacy, evaluate
effectiveness,
monitor side effedts,
compare other
treatments, and assess
safety,

Takes 1-4 years.
Around 25-30% move to
next phase.

Post-market
surveillance &

patient support

p

PHASE | >d PHASE Il /ou( PHASE 11 ( PHASEIV)
A=A Ay

Post markelmgstudles
delineate risks, benefits
and optimal use.
Ongoing throughout
drug's active medical
use (thousands of
patients).

Takes 1+ years
Around 70-90%
success rate.

ONLY 10% OF DRUG CANDIDATES ENTERING CLINICAL
TRIALS END UP BECOMING REGULATORY APPROVED DRUGS

Source: Deloitte analysis.
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Deloitte Insights | deloitte.com/insights

Cost drivers in clinical trials

H Patient recruitment
W Outsourcing costs
Site recruitment
B Clinical trial management systemn and other technology
W Site retention
W Data management and validation
W Patient retention

Source: Deloitte analysis



Applications of Al-enabled technology in clinical trials

Advanced data
analytics

and Al
automation

Al-enhanced
mobile
applications,
wearables,
biosensors and
connected
devices

MOI’gﬂn Lew i sSource: Deloitte analysis.

Assess feasibility of protocol
design for patient
recruitment using RWD.

Assess site performance
(e.g. enrolment and
dropout rates) with
real-time monitoring,

Analyse and interpret
unstructured and
structured data from
previous trials and scientific
literature.

Mine EHRs and publicly
available content,
including trial databases
and social media, to help
match patients with trials,
by using NLP and ML.

Create drafts of investigator
and site contracts and
confidentiality agreements
by smart automation.

Expedite recruitment and
(reate a more
representative study
cohort through
(loud-based applications.

Simplify and accelerate the
informed consent process
using eConsent.

TRIAL DESIGN TRIAL STARTUP TRIAL CONDUCT STUDY CLOSEOUT

Assess site performance
(e.g. enrolment and
dropout rates) with
real-time monitoring.

Analyse digital biomarkers
on disease progression,
and other guality-of-life
indicators.

Automate sharing of data
across multiple systems.

Enhance adherence
through smartphone alerts
and reminders.

elracking of medication
using smart pillboxes, and
tools for visual confirmation
of treatment compliance.

elracking of missed dlinic
visits, and trigger
non-adherence alerts.

Deloitte Insights | deloitte.com/insights

Complete sections of the
final clinical trial report for
submission by using NLP.

Data cleaning by ML
methods.

©



Clinical Trial Efficiencies

— Organize and analyze prior trials to improve the design of future ones
— In silico modeling of patient responses to inform clinical trial design

— May allow detection of potential design/product failures before clinical trial enroliment
— Predictive modeling of trials to identify future challenges and early interventions

— Use of analytics to combine data with personalization factors and patient records
— Can be used to identify endpoints/biomarkers and subpopulations
— Requires OCR and data harmonization among EHR systems

— Decreasing variability
— Prognostic enrichment
— Predictive enrichment

Morgan Lewis (20)



Clinical Trial Efficiencies

— Mining available records (e.g., EHRs, insurance claims, etc.) to match the correct
patients/sites with the correct trials

— Mining clinical trial databases to identify potential trials

— Provide patients with real time feedback to enhance engagement and retention
— Prediction of patient drop out risk; permitting early intervention

— Decreased trial size through digital twins

— Use of wearable technology, apps, sensors, and biomarkers to provide real-time data
and intervention opportunities, if needed

— Digital monitoring of data to detect site issues

Morgan Lewis (21)



Clinical Trial Efficiencies

— Automated data capture
— Real time cleaning of EDC to reduce errors
— Automated entry of information into dossier/clinical trial report

— Algorithms to create protocol based treatment recommendations to decrease protocol
deviations

— More virtual trials with remote monitoring and visits

— Use of product candidates under real world conditions
— More representative trials

— Learning opportunities from COVID-19

Morgan Lewis (22)



Use of AI/ML in Clinical Development

Currently very little public information on FDA's approach to the use of Al in clinical trials

FDA Innovative Science and Technology Approaches for New Drugs (ISTAND) pilot
— Includes the use of Al to evaluate patients, develop novel endpoints, and inform study design

FDA pilot program on Model-Informed Drug Development (MIDD)
— Exposure-based, biological, and statistical models derived from preclinical and clinical data sources
— Opportunity for sponsors to meet with FDA to discuss MIDD approaches to medical product development

AltaThera Pharmaceutical’s Sotalol IV Artrial Fibrillation approval on alternative dosing strategy

— Computer-based simulations incorporating sotalol dose-exposure-QTc relationships were used to derive the intravenous
loading doses. Based on these simulations, the intravenous loading dose in a typical patient across each of the renal function
categories is expected to achieve steady state concentration faster compared to the conventional oral dosing.

Morgan Lewis (23]
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Legal/Regulatory Clinical Trial AI/ML Considerations

Regulatory status of AI/ML software

— Use in clinical trials to determine inclusion/exclusion or treatment course may require compliance
with FDA's investigational device regulations

— See e.g., FDA's approach to investigational diagnostics in therapeutic clinical trials

— If Al is used as part of treatment decision making, will be regulated as a combination
product/medical device

¢ The use of AI/ML may necessitate partnering and the development of internal
capabilities, requiring
— Agreement negotiation
— Coordination between contracting and regulatory operations
— Technology and partner diligence (challenging when technology may not be fully transparent) © & &
— Partner monitoring
e Companies will need to access and maximize large data sets through collaborations,
open source platforms, etc.
— Will necessitate data licensing agreements and data set diligence
— Will need to ensure dataset compatibility

Morgan Lewis (25)



Legal/Regulatory Clinical Trial AI/ML Considerations

e Securing data against
e Ensuring data use is properly

of the system
— Do you need to validate?
— Do you need to provide validation to FDA?

e Introduction of unintended bias

o Al systems may need to be compliant

o CDER/CBER staff will need to and regulatory framework in
Al applications
— Currently no framework for use of Al in clinical development

— Companies may need to educate the agency on particular applications, how
they work, and GxP controls in place

- \(/:V[i)lllur_le)quire proactive engagement with regulators (both CDER/CBER and

Morgan Lewis



How to use Al in FDA regulated clinical trials

o As there is little public information regarding FDA's expectations, the key will be
with FDA to understand the regulatory pathway/approach.

— How will the AI be used?

— If used as a , it may not need to be discussed with FDA.
— If used to , it likely will need to be discussed.
— What about if used as part of an ?
— What will FDA require?
— Will the AI need to be and will FDA need to see the validation?
— Will the AI be classified as a ?
— How much will FDA want about the AI application?
— How should this information be if the application belongs to another entity?

Morgan Lewis
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Your CLE Credit Information

For ALL attorneys seeking CLE credit for
attending this webinar, please write down the
alphanumeric code on the right >>

Kindly insert this code in the pop-up survey

that will appear in a new browser tab after you
exit out of this webinar.
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Coronavirus
COVID-19 Resources

We have formed a multidisciplinary
Coronavirus/COVID-19 Task Force to
help guide clients through the broad scope
of legal issues brought on by this public
health challenge.

Morgan Lewis

To help keep you on top of
developments as they
unfold, we also have
launched a resource page
on our website at

If you would like to receive
a daily digest of all new
updates to the page, please
visit the resource page to
using the purple
“Stay Up to Date” button.
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Jacqueline R. Berman advises companies on US Food and Drug

A% Administration (FDA) regulatory, compliance, and enforcement issues, as
”.\ " well as clinical trials and FDA-regulated product development programs.
She also counsels clients on the safety, labeling, and reporting
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Our Global Reach

Africa Latin America
Asia Pacific Middle East
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Our Locations
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