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Clinical Data is both powerful and available
Trends in EHR Adoption
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Missing data is the single greatest
challenge to consistently using
real-world data for understanding

health, value and well-being

Variables thought to be critical from clinical trials (e.g. ICER
reviews ) are often not collected in standardized fields (i.e.
hidden in notes or inaccessible documents) or sometimes not

collected at all. X
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What options are there to fill in Missing Data?
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What is Needed to Determine Outcomes?

Effective Health Care Program
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What is Commonly Missing in RWD?

Framework data element categories
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Figure 2. Outcome measures framework model.



Emerging Al Tools and Use Cases

Extract from Text

A

Unstructured text undergoes
Al-driven medical language
processing with validation by
clinical abstractors

Use Cases
- Missing data

- Automation

Digital
Phenotyping/Subtyping

Estimate Endpoints

Al-driven endpoint OM1 PhenOM digitally phenotypes
estimations from structured patients by identifying and grouping
and unstructured data are unique signals in data with Al

rigorously validated

Use Cases Use Cases

- Missing data - Patient Finding for uncoded
diagnoses, under-diagnosed

- Insufficient endpoints : i
patients, under-treated patients

 Future prediction of events,
outcomes (e.g. treatment response)

and utilization e
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Extract: .Medlcal Language J Vv
ProceSSI ng Extract data from notes & images

i ™ :
Text Intelligence Dermatology Location - Structured Output
with clinical validation TSP
CONTEXT (CLINICAL NOTE) T;
{
Patient presents today for ~ —— —————— Jisease_inferencencitrue.:
management o_fchronic "locations":[ . !
psoriasis on elbows, flanks "elbows"
CLINICIAN NOTE and lower back. T
, 1,
"raw_date":"today"
}
]
M PRI Disease Name Raw Location Raw Date MODEL OUTPUT
since July and has develo pSOI‘iaSiS elbows ‘thay
psoriasis lower back today
psoriasis flanks today

PARSED DATA
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1.1TM Women Registry in Breast Cancer Screening

Journal of the American College of
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Al Estimation

when it has not been specifically reported

VAVAOSVAVS,

Estimating (and validating) a key outcome from a clinical encounter,

Enrich data

Results in an Increase in # patients and an increase in # timepoints
per patient create a more complete longitudinal picture

ORIGINAL RESEARCH

Validation of a machine learning
approach to estimate Systemic Lupus
#l Erythematosus Disease Activity Index
score categories and application in a
real-world dataset

SLEDAI

9x increase in patients

10x increase in timepoints

Validation of a machine learning approach
to estimate expanded disability status scale
scores for multiple sclerosis

Pedro Alves, Eri
Carl Marei an

ireen, Michelle Leavy (2, Haley Friedler (), Gary Curhan,
stas Boussios

Abstract
Background: Disability
infors

imate EDSS sco

EDSS

10x increase in patients
15x increase in timepoints

sment using the Expanded Disability Status Scale (EDSS) is important to
e scles Yet, EDSS sco re docu-

r multiple sclerosis paticnts

SHORT REPORT

Validation of a machine learning
approach to estimate Clinical Disease
Activity Index Scores for

rheumatoid arthritis

Alison K. Spencer,’ Jigar Bandaria,’ Michelle B. Leavy @, Benjamin Gliklich,*
Znhaohui Su,' Gary Curhan,” Costas Boussios'

L ABSTRACT

CDAI

2x increase in patients
4x increase in timepoints



Implications for Research Using a Lupus Dataset:

Disease Activity using eSLEDAI

RMD
Open

ORIGINAL RESEARCH

Validation of a machine learning
approach to estimate Systemic Lupus
Wbyl Erythematosus Disease Activity Index
sl score categories and application in a
real-world dataset

Pedro Alves,' Jigar Bandaria,’ Michelle B Leavy © > Benjamin Gliklich,’
Costas Boussios,' Zhaohui Su,* Gary Curhan?
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Estimated Measures and Endpoints, /™ /s /M\ N\

Enrich data

SLE Disease Activity: Sample Patient

High ‘.IIIIIIIIII‘
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activity scores were
available for 2018 Mild '
Estimation yielded 7 I
scores Remission
_ _ 1/1/2018 4/1/2018 7/1/2018 10/1/2018 1/1/2019
» Validated estimated
endpoints, in
addition to those ->¢& Observed 8- Estimated
observed, paint a SLEDAI score endpoint

clearer picture of the
patient’s trajectory

0%

OM1



Estimation and Amplification of COAs and PROs

Examples across diverse conditions

Disease Estimated Measure Measure Amplification Patient Amplification

Lupus eSLEDAI
Rheumatoid Arthritis eCDAI 2.2X 2X
Multiple Sclerosis eEDSS 34x 15x
Major Depression ePHQ-9
Schi:

nyar Reductions in Depressive Symptoms After Brexpiprazole Augmentation Among Patients with Major
Supr Depressive Disorder Receiving Antidepressant Therapy in Real-World Settings

Psor
Sev: rtson SG‘ Hadzi Boskcmc D%, Huang D, Talon B, E:senberg [}s Kapadtas Ardic F¢, Awasthi %, Marci CD'4

AXSF OM1 Inc., Bosion, MA, USA, “Otsula Amenca Phamacevtical Inc., Princeton, NJ, U check LLC, Deerfeid I, USA, . Luncbeck AS, Valty, Copenhagen, Denmark, "Massachusets General Mosplal, Hanvand Medical Schodl, Bosion, MA, USA

Heart Failure




Completing Data

Collect

Link

Extract

Framework data element categories

Characteristics Treatment Outcomes
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= Family/participant history
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status
= Health behaviors = Recurrence
= Environmental exposures = Progression
o= Type
= Surgical — vents of interes
g S
« Device = Adverse events

= Diagnosis

= Risk factors

= Staging system

« Genetics of disease

= Tissue or infectious agent
= Biomarkers

= Comorbidity/symptoms

= Assessment/scales

-
= Training/experience

= Geography
= Practice setting:
— Academic vs community

= Alternative

"

= Palliative vs curative

Figure 2. Outcome measures framework model.
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= Exacerbations

Patient/caregiver

= Physical functioning
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Example: Major Depressive Disorder

Collect

Link

Extract

Linked SDoH

In Notes

Phenotype
patient
finding
(TRD) and
subtyping

Estimated
PHQ-9
(ePHQ-9)

Phenotype

Characteristics Treatment Outcomes
Participant
: Egegder Survival L inked Death
e inked Dea
" W i —
« Race/ethnicity PE-Cauoe Mortally " indices/cause
* Family history of depression, other .
major mental illness Death from Suicide
* Trauma and maltreatment exposure . =
. Access to care Clinical Response .
x Pregnancy/post-partum Type Improvement in Depressive Symptoms: Estimated
Socioeconomic status Remission, Response PHQ-9
Medication (ePHQ-9) and
Disease (dose, duration, and adherence) Worsening in Depressive Symptoms: % | eCGl|
¥ Comorbidities (psychiatric, Recurrence, Other**
substance use/alcohol use, medical Psychotherapy
comorbidity)
\Disease course Devices Events of Interest
« Type of depressive episode (type, dose & duration)
« Depressive severity at Gt B In Notes

diagnosis
Duration of symptoms
Previous relapses/prior history
of depression
Prior treatments including
number of medications &
number of failed antidepressant
treatment attempts
Lab tests (e.g., thyroid function,
metabolic indices, inflammatory
& markers)

Suicidality

Provider

+ Additional evidence needed

Alternative

Suicide Ideation and Behavior 4

Patient Reported

Depression-specific Quality of Life

Resource Utilization
Depression-related resource utili
Work productivity

** Area for future investigation

1

< Linked claims

From: Gliklich RE, Leavy MB, Cosgrove L et al. Harmonized Outcome Measures for Use in Depression Patient Registries and
Clinical Practice. Ann Intern Med. 2020 Jun 16;172(12):803-809.




Enriched Conditions

Extraction & Estimation
as a service/API




What options are there to fill in Missing Data?
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PhenOM® JA\SN\S- S

A unified digital representation of patients’ ‘phenotypic \dentify phenotypes

profile space’ — a single, multipurpose assay

Level of
disease severity

Social Determin

Evidence of \ " Comorbid
progression burden

Prior treatment Mental health
history | A ) I cffects

US 11,862,346 B1 |’
IDENTIFICATION OF PATIENT SUB-COHORTS AND CORRESPONDING QUANTITATIVE DEFINITIONS OF SUBTYPES AS A CLASSIFICATION SYSTEM FOR ‘
MEDICAL CONDITIONS
Constantinos Ioannis Boussios, Chelsea, MA (US); Jigar Bandaria, Medford, MA (US); and Richard Gliklich, Weston, MA (US)
Assigned to OM]I, Inc., Boston, MA (US) |
Filed by OM1, Inc., Boston, MA (US)
Filed on Dec. 21, 2019, as Appl. No. 16/724,264.
Claims priority of provisional application 62/784,434, filed on Dec. 22, 2018,
Int. Cl. G16H 50/76 (2018.01): GI6H 10/60 (2018.01)




PhenOM Case Studies

Phenotypes and Subtypes: We’ve successfully used PhenOM across therapeutic areas and treatments.

Isolating treatment

spotlight rapid response

progression in phenotypes in
MASH vascular disease

Subtyping to

Identifying

Highlighti
undiagnosed ot

uncoded conditions

patients with rare
genetic disease

like treatment-
resistant depression

* Focused on both * |dentified * Complex disease * Used phenotyping to * Extracted patterning
‘classic’ and ‘non- characteristics without clear proxy for patients in HS patients’
classic’ disease preceding first MASH treatment guidelines psychiatrists ‘know histories before they
presentations diagnosis indicating or clinical when they see’ reached correct

more rapid consistency diagnoses

* Patients highlighted * |dentified patients

progressive disease

are at ~200x greater e Created a phenotypic

risk

Currently in clinical
deployment

* Also focused on high
HCRU, and long-term

complications

‘matrix’ for relative
benefit likelihood
from different
treatments

missed by other TRD * Using HS

definitions — and
missed for more
advanced treatment

Currently testing
clinical deployment

IDENTIFICATION OF PATIENT SUB-COHORTS AND CORRESPONDING QUANTITATIVE DEFINITIONS OF SUBTYPES AS A CLASSIFICATION SYSTEM FOR
MEDICAL CONDITIONS

Constantinos Ioannis Boussios, Chelsea, MA (US); Jigar Bandaria, Medford, MA (US); and Richard Gliklich, Weston, MA (US)

Assigned to OMI, Inc., Boston, MA (US)

US 11,862,346 B1

phenotypes to
improve HCP
education and
awareness (ongoing
collaboration with

AAD) ._.:.
OM1™~



Regulators Are Leaning In

Registries for
Evaluating Patient
Outcomes:

A User’s Guide

Fourth Edition

£ ®

Use of Electronic
Health Record Data in
Clinical Investigations

Guidance for Industry

Data Standards for Drug and

Biological Product issi
Containing Real-World Data

Guidance for Industry

DRAFT GUIDANCE

Real-World Data:
Assessing Registries to
Support Regulatory
Decision-Making for Drug
and Biological Products
Guidance for Industry

DRAFT GUIDANCE

¥ e et e it o et parpees .

Considerations for the Use
of Real-World Data and
Real-World Evidence to

Support Regulatory

Decision-Making for Drug

and Biological Products

Guidance for Industry

Real-World Data: Assessing
Electronic Health Records and
Medical Claims Data To
Support Regulatory Decision-
Making for Drug and Biological
Products

Guidance for Industry

DRAFT GUIDANCE

Guidance for Industry

Electronic Source Data in
Clinical Investigations

Real-World Evidence:
Considerations Regarding
Non-Interventional Studies
for Drug and Biological
Products
Guidance for Industry

DRAFT GUIDANCE

The use of Al,
including to facilitate
data collection... are
really transforming
the way drugs are
developed and used.
M. Khair ElZarrad, Ph.D., M.P.H,

Director, Office of Medical Policy,
CDER | FDA, 2024




Takeaways

Missing data is the
achilles heel for real-
world data programs

Linked data augments the
patient journey

COA and PROs are often
key and may need to be
collected unless....

n Al-powered

Extraction, Estimation and
Phenotyping fill in the
gaps and opens new
avenues

Regulatory guidance has
enlightened the path

Al-powered prediction of
future events, outcomes
and resources will further
change the paradigm




