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Severe asthma in South Korea
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Why severe asthma is a problem?

Small number Huge burden
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Precision medicine for severe asthma

Inhaled and oral mucolytic
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Severe asthma, precision medicine, and big data
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Available data source

Single- Multi- Primary Referral
EMR :
center center care hospital
Claim data
Single-country Multiple-country

Cohort data



EMR : Optum

GOPEl:mEF:RDati * UnitedHealth Group, largest

continuum of care healthcare organizations

Avoiding common pitfalls that g lobal |y
prevent maximizing investments

in real world data: what life
sciences executives need to know.

- Allows for larger sample sizes with
5’\ Includes 150 national and local payers m more than 60 million lives

e Founded in 2011

(N

* Headquarter in USA

Spans all care settings N Is longitudinal, with data back to 2007

Is a closed systemn that is eligibility-controlled
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EMR : Optum
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EMR : Optum

* Defining patient cohorts for clinical research

Another way to demonstrate the value of real-world data is to show how Optum EHR data CDC national data*

it can be used to create a patient cohort. Sex
. : : . : : . Mal 37% 40%

All research begins with an identification of the inclusion and exclusion e
o . . .. Female 63% 60%

criteria that will be used to draw conclusions and make sound decisions.

Age
4 mI"IOﬂ HER data 0-4 years 4% 3%
T L . 5-14 13% 14%

— 3.2 million of them linked vears

I " d i 15-19 years 6% 9%
claims ata 20-24 years 6% 7%
Control (CDC). This is a direct result of claims data from all payer types 25-34 years 13% 129%
being included in the data set. 35-64 years 41% 39%

65+ years 17% 16%



EMR : Optum

* Sub-typing of the disease

Drilling down even further, you can identify three kinds of severe asthma in the

data: allergic, eosinophilic, and non-eosinophilic. See Figure 4.

These severity types are extracted from clinically rich and specific EHR data.
For example, eosinophilic asthma is clinically defined as a patient who has an
eosinophil lab greater than 3% or greater than 500 cells/mcL. In addition, allergic

asthma can be identified by positive mentions found in the physician notes.

The dlinical data in the EHR contains specificity needed to accurately segment
and select the appropriate sub-group in a disease area. In many diseases, labs,
clinical measures and the physician’s notes contain the information needed to
define patient cohorts. This richness of data allows researchers to have greater
confidence in the patient cohorts they are studying and avoid delays caused by

insufficient sample sizes at a study's inception.

Figure 4: Severe asthma sub-type

[ ALLERGIC ASTHMA

EOSINOPHILIC ASTHMA

I NON-EOSINOPHILIC ASTHMA




EMR : Optum

* Understanding the length of time on therapy and line of therapy
patterns

Figure 5: Duration of time on therapy

- Figure 6: Reasons for discontinuation — Biologic
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EMR : Optum

* Clinically profiling patients

Figure 7: FEV1 Category prior to hiulngir. initiation Figure 8: Change in FEV1 at 12 weeks post treatment initiation
Z 54%
g
& 339
o
e
E B imPROVED
% [ NO CHANGE
I WORSENED

NORMAL MILD MODERATE SEVERE



EMR : Optum

* Taking into consideration the total cost of care

One of the most valuable aspects of this kind of data is linking Figure 9: Cost burden of asthma exacerbations
directly to the cost of care. Here, in Figure 9, you can track asthma in an uncontrolled eosinophilic asthma

exacerbations and follow disease burden or cost of care based on the
$181,309

number of exacerbations. $170,457

$154,921

5141,445
$52,113
$14,549
1] 3 4

1 2

This shows how uncontrolled asthma impacts the health system,
using both claims and EHR data points. Linking the two kinds of data
allows for analyses that measure the cost impact segmented by a
clinical category. In an uncontrolled setting, patients with uncontrolled

eosinophilic asthma who have more asthma-related exacerbations tend

MEDIAN TOTAL COST OF CARE IN 2018

to have a higher cost burden on the health care system.

NUMBER OF ASTHMA EXACERBATIONS



EMR : SAVANA Manager

&) SAVANA . .
Q SAVANA | Al +RWE * International medical
World's largest Al-based healthcare research network Company

Savana is a unique company at leveraging Al to generate global and
deep Real World Evidence, thus enabling a data-driven healthcare

Genera ting RWE across 13 countries and 5 languages Y FO u n d e d i n 2 O 14

 Headquarter in Spain




EMR : SAVANA Manager

High-validity Virtual Registries
across 16 Therapeutic Areas in 13 countries

Cardiology Dermatology

Anticoagulants in Atrial Fibrillation Psoriasis

Coronary disease and Diabetes Mellitus type Il Onychomycosis

Pneumology Rheumatology

COPD Spondyloarthritis
COoVID-19 Psoriatic Arthritis
Severe Asthma Rheumatoid Arthritis

Rheumatoid Arthritis and Interstitial Lung Disease




EMR: Big Pac

S atrys A 360° medical company

We are a multinational company dedicated to
preventive and precision medicine and a leader in the
healthcare diagnosis and treatment excellence. We
provide individualised therapy for patients, with a

* Medical technology and
healthcare services company

commitment to technological innovation.

e Founded in 2015

Big Pac: Spain’s largest technology database

+2.000 * Headquarter in Spain

1,9 mill. 550

anonymised patients in our database pharmacies monitored weekly healthcare pr?;?OSrsrﬁgtzia(ljigenerate Aew




EMR: Big Pac

1

Patients go to health centres
where doctors issue diagnoses and prescribe
medicines

2

Pharmacies sell to patients and,
in turn, buy medicines
from wholesalers

3

This activity
generates millions of
pieces of data

O

We use this data to draw Health

Intelligence conclusions from

which companies and institutions in the
healthcare sector make business decisions.

/|

Big Pac (r) is our patient database



EMR: Optimum Patient Care

Optimurm Patient Care is a non-profit social

om enterprise, working with primary care practitioners ° Fou nded |n 2010
to produce high quality patient profiles that can
improve clinical cutcomes and a make a difference.

* 992 general practices

333 105 : | > 30 YEARS @Jt@ e Mean duration of 11.7

PUBLICATIONS :Eggﬂgﬁﬂ years f0| |OW- up

EXPERIENCE
' e Data extracted from

>>> 20+ MILLION . 5>> 40 YEARS @p clinical software system
PATIENTS : PRIMARY CARE

RECORDS IN EXPERIENCE
OPCRD :

Pragmat Obs Res. 2023 Apr 27;14:39-49



EMR: Optimum Patient Care

UK

o}

Investigation

Investigations and analysis of
current data and world’s best
practice programmes (e.g.
quality improvement programs
in UK, USA and worldwide), as
applied to the UK

Collaborative Network

ISR

Australia

Key Activities

1
— ¢/>
- !

Information Development

Information gathering and GP

liaison activities. Design and

development of information
gathering systems

Development of algorithms and
database programming to
achieve appropriate information
gathering for the analysis phase

GO PRI

Globdl

=

Testing

Testing of conclusions based on
analysis of the evidence
gathered. Concept
development of preliminary
theoretical treatment protocols.




EMR: Optimum Patient Care

1. All 8,814 GP practices within the UK are eligible to contribute data

* OPCRD includes Practice Data from all major UK Clinical System Providers (EMIS,

SystmOne, Vision) and is not restricted by geographical uptake of specific system
providers.

2. Data is enriched through the active OPC network of 1,100 GP sites across the UK

s >568,000 patients have responded to disease-specific questionnaires during bespoke
and tailored quality improvement activities enabling a uniquely rich data source.

e OPCRD can be linked to secondary care datasets and national disease registries,
where appropriate approvals are in place.

3. Data can be accessed swiftly to meet the growing demand for timely research outputs.

e OPCRD assures users that dataset production will be completed within 3 weeks from
study approval by ADEPT (Anonymised Data Ethics & Protocol Transparency)

These unique features, combined with OPCRD being one of the UK's largest growing primary
care databases (>3 million new patients added per year), makes it a valuable resource for
researchers, with the ability to support a wide range of studies and analyses including:



Claim data : IBM Marketscan dataset

=»J MarketScan

Precise real-world data.
Conclusive real-world
evidence.

Drive impactful decisions with real-world
evidence, from uniquely sourced real-
world data and trusted experts.




Source

Claim data : IBM Marketscan dataset

Data sets

Data
management
process Commercial
Medicare supplemental

q Medicaid multi-state
Lab results

Health and productivity management

* Privacy protection

= Integration (link) (HPM)
= Standardization HRA
* Customization Dental
* Enhancement Hospital

QA/improvement Inpatient drug link
EMR-claims link
Benefit plan design




Claim data : IBM Marketscan dataset

IBM MarketScan Research Databases Access

Data and research resources for population

health and health services

IBM MarketScan Databases (formerly known as the Truven Health MarketScan Research Databases) are
currently available for use by UCSF athiliated researchers.

A UCSEF site license provides access to the de-identified commercial claims (inpatient, outpatient, emergency and outpatient pharmacy) databases covering more than 50
million covered lives across the US. The data are contributed by managed care organizations and large, self-insured employers, and can be used for a wide array of
population health research.

Access for use by UCSF affiliates is free for unpublished or internally funded/nonfunded research. For extramurally funded projects there is an incremental fee of

$30,000/study for non-profit funded research and $60,000/study for industry sponsored research.




Claim data : USA CMS data

Most viewed datasets
* Medicare is a single-payer,
Order and Opt Out Affidavits COVID-19 Nursing Medicare Fee-For- n at i O n a I SOC i a | i n S u ra n Ce

Referring Home Data Service Public
Provider

Enroliment p rog ra m

Dataset

Dataset

Page last modified Page last modified Page last modified Page last modified

July 3. 2023 June 22, 2023 June 29,2023 April 19, 2023

e Started since 1966
 Americans aged 65 and
About Us : older

The data.cms.gov site is maintained by CMS and contains datasets, tools

and more.




Claim data : USA CMS data

[N Subscribe

Specific Chronic

Data update frequency

Cond itions Annually

Information on prevalence, use and spending for select Latest data available
chronic conditions among Original Medicare (or fee-for- 2018

service) beneficiaries.
Data source

Centers for Medicare & Medicaid Services

- Alcohol Abuse Drug Abuse/ Substance Abuse  * Cancer (Breast, Colorectal, Lung, and Prostate)

« Alzheimer’s Disease and Related Dementia « Chronic Kidney Disease

- Arthritis (Osteoarthritis and Rheumatoid) » Chronic Obstructive Pulmonary Disease
- Asthma - Depression

- Atrial Fibrillation - Diabetes

- Drug Abuse/ Substance Abuse



Claim data : USA CMS data

Medicare Chronic Conditions Dashboard: County Level

Comparison of Geographic Areas by Chronic Conditons, 2018 Prevalence Spending and |

Asthma Prevalence: State to National Ratio Chronic Condition:
Mational 4.97%
State Prevalence
Alabama 4,99%
Alaska 3.46%
Arizona 5.38%

’% Arkansas 3.838%

Ratio to National

Average California 5.30%
M <-oss Colorado 4.,48%
0.86-0.95 Connecticut 6.47%
0.96-1.05 Delaware 5.22%
1.06-1.14 District of Columbia 5.10%

W --115 Florida 5.19%
Georgia 4.70%

Hawraii 5.70%



Claim data : Korea NHIS/HIRA

h-well o Health insurance management duties Ministry of Health
NHIS and Welfare

Support for health
insurance benefit policy

Notification of review

& Assessment results Review & Assessment
Duties

Medical care service

Contributions provision duties
Request for HIRA
verification of health  Asssstaman Request for medical
care benefit subjects care cost review
Provision of Notification of
healthcare review &
information assessment
results =
L |
@ 0
“ Provision of medical care services ::
(=xnt
The insured Co-payment Health care
Institution

Payment for medical care service provided



Claim data : Korea NHIS/HIRA

HIR4 Bigdata Open portal
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Claim data : Korea NHIS/HIRA
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Cohort : Danish National Database for Asthma

Study population: Persons above the age of 6 years, with a specific focus on 6—44 years, are
included. The DNDA links three existing nationwide registries of administrative records in the
Danish health care system: the National Patient Register, the National Health Insurance Ser-
vices Register, and the National Prescription Registry. For each year, the inclusion criteria are a
second purchase of asthma prescription medicine within a 2-year period (National Prescription
Registry) or a diagnosis of asthma (National Patient Register). Patients with chronic obstructive
pulmonary disease are excluded, but smokers are not excluded.

Descriptive data: A total of 366,471 prevalent patients with asthma have been identified (year
2014 —as a preliminary test search). This number is in agreement with the estimates of ~400,000
inhabitants that are available for patients with possible asthma in Denmark. Data encompass the
following quality indicators: annual asthma control visits and pharmacological therapy.

Main variables: The variables included are spirometry, as well as tools for diagnosis (including allergy
testing), smoking status, height, weight, and acute hospital admissions and unscheduled visits.
Conclusion: DNDA is available from January 1, 2016.

Clin Epidemiol. 2016 Oct 25;8:601-606



Cohort : NORDSTAR

The NORdic Dataset for aSThmA ﬁesearch (NORDSTAR) is ‘a..;.)opulation—based dataset including individual-level data
about all asthma patients in four Nordic countries (Denmark, Finland, Norway and Sweden). It is built on nationwide
data and contains long-term longitudinal follow-up of asthma populations in routine care. The data include diagnoses,
medication dispensing, use of resources and costs, socio-demographics and mortality. Currently, the dataset
comprises:

¢ L = g y v Py ps - i ™ - o R = 2
B 5 SRR ¥ T R, St . SRS = e o e

v 33 milion asthma patients

v Up to 30 years of follow-up

v 50 million person-years of follow-up

v 2 million+ asthma related care contacts

v 1000+ asthma related deaths

[N




Cohort : NORDSTAR

NORDSTAR is supported by a multi-party, collaborative research platform comprising clinical expertise, pharmaceutical manufacturer perspectives and data analytics

competence

NSAN is a network of severe asthma specialists from the Nordic countries focusing on improving the diagnostics and treatment of severe and possible severe asthma.

Quantify Research maintains and secures data, perfoms data management and analysis, and expedites medical communications

The dataset include: Current patient count:

O Demographics O Denmark: 770,502
O Socioeconomics O Finland: 232,731
O Prescribed drugs O Norway: 853,450
O Health care resource use O Sweden: 1,416,263
O Mortality




International registry

* International Severe Asthma Registry (ISAR)

ISAR

The International Severe Asthma Registry is a global collaborative initiative to gather
anonymous, longitudinal, real-life data for patients with severe asthma. ISAR offers a rich source
of real-life data for scientific research to understand and improve symptoms, treatments, and
patient outcomes for severe asthma. The database will also provide an international platform for
research collaboration in respiratory medicine and patient care.
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From Big Data To Research Data

How to find
those patients?

Total Data

Severe asthma
population




From Big Data To Research Data

Severe asthma
population

Exposure <

To take advantage of the
strength of big data

Outcome L

How to overcome
limitations




Strength of Big Data Research

» Excellent external validity : large-scale,
heterogeneous/unselected patients

» Cost-effective and rapid compared to prospective study
« Capture rare disease and outcome

 Expect long-term prognosis



Weakness of Big Data Research

* Bias : confounding, selection, information, recall, or missing data
* Validity : limitation of operational definition

* Lack of important parameters : lung function, laboratory data,
Imaging
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EMR: Optum

/ HHS Public Access
é Author manuscript
-7 J Allergy Clin Immunol Pract. Author manuscript; available in PMC 2022 July O1.

Published in final edited form as:
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Asthma Patients Who Stop Asthma Biologics Have a Similar
Risk Of Asthma Exacerbations as Those Who Continue Asthma
Biologics

Molly M Jeffery, PhD', Jonathan W Inselman, MS?, Jacob T Maddux, MD3, Regina W Lam,
BA%, Nilay D Shah, PhD'25, Matthew A Rank, MD2:6.7



HHS Public Access

J Allergy Clin Immunol Pract. Author manuscript; available in PMC 2022 July 01.

,_/é. Author manuscript

Published in final edited form as:
J Allergy Clin Immunol Pract. 2021 July ; 9(7): 2742-2750.el. do1:10.1016/.ja1p.2021.02.031.

Asthma population
N = 2.01 million

ICD-10 (J45.x)

Biologic users

N =4,985

Persistent asthma
+
At least one
administration of
biologics drug

Persistent asthma
1) At least one ED visit or inpatient encounter with diagnosis of asthma
2) At least 4 outpatient encounters on different days with diagnosis asthma
+ at least two asthma medication fills
3) At least four asthma medication fills in 1 year

Five biologic medication
Benralizumab, dupilumab, mepolizumab, omalizumab, or reslizumab




HHS Public Access

,_/g. Author manuscript

J Allergy Clin Immunol Pract. Author manuscript; available in PMC 2022 July O1.

Published in final edited form as:
J Allergy Clin Immunol Pract. 2021 July ; 9(7): 2742-2750.el. do1:10.1016/.ja1p.2021.02.031.

Exposure
Stop biologics after 6—12 months of use

Stopper: use of 6 to 2 months, and 6+ months of follow-up after
discontinuing

Continuers: remained on biologic treatment for at least 18 months

Outcome

Increase of 50% or more in exacerbation in 6 months after

Exacerbation definition

1) Hospital or emergency department visit with asthma
2) Systemic corticosteroid fill associated with an outpatient visit




HHS Public Access

Author manuscript

J Allergy Clin Immunol Pract. Author manuscript; available in PMC 2022 July O1.

Published in final edited form as:
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Censor date

Meets First asthma Last asthma

18 months
aSthhma biolqgic fillf" Stopper bioic?gihc ﬁl”_ Lf‘ter first
cohort administration administration OMEIISE)
criteria .

e | : : I ]
l : )\ ' * ' | ' l
6+ months 6 to 12 months 6+ months 0+ days

Censor date
Meets First asthma . (18 months
asthma biologic fill/ Continuer after first
cohort administration biologic use)
criteria
& faes @
\ )\ | I 1
‘ Y Randomly selected date 6 |
to 12 months after index 0+ days

6+ months B riorths

fill; set as 180 days +
random draw from
normal distribution with
mean and sd of the
distribution of days of
treatment after 180 days
for the stopper cohort.

Note: could discontinue biologic use
during the period between censor
date and end of observation
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EMR: Big pac

Journal of Investigational

Allergology

and Clinical Immunology

Prevalence, T2-biomarkers and cost of severe asthma in the era of biologics: The BRAVO-1 study
Domingo C' 2, Sicras-Mainar A?, Sicras-Navarro A%, Sogo A", Mirapeix RM?, Engroba C?

"Pulmonary Service, Corporacié Sanitaria Parc Tauli, Sabadell, Barcelona, Spain

?Department of Medicine, Faculty of Medicine, Universitat Autdnoma de Barcelona (UAB), Cerdanyola, Barcelona,
Spain

*Atrys Health-HEOR, Barcelona, Spain

“Department of Morphological Sciences, Faculty of Medicine, Universitat Autdnoma de Barcelona (UAB),
Cerdanyola, Barcelona, Spain

Department of Market Acces, Sanofi, Barcelona, Spain



Journal of Investigational
Allergology
and Clinical Inmunology
Prevalence, T2-biomarkers and cost of severe asthma in the era of biologics: The BRAVO-1 study

N = 40,553 1) Uncontrolled severe asthma: 2 exacerbations requiring OC use more
ICD 10 codes: 145-146 than 3 days or hospital admission during the previous years

2) OCS-dependent: OCS intake on a regular basis for > six months

Severe asthma 3) T2: Peripheral blood EOS > 150, FeNO > 25 ppb, allergic, or requiring
N = 3,031 (7.7%) OCS maintenance
High dose ICS
+
WG oueome
medication (LABA, LTRA,
theophylline, or OCS Prevalence of asthma/severe asthma, OCS-dependent asthma, T2 asthma

more than 6 months)

Cost of asthma management




Journal of Investigational
J I ‘ Allergology
and Clinical Immunology

Prevalence, T2-biomarkers and cost of severe asthma in the era of biologics: The BRAVO-1 study

Table 3. Medication administered, adherence to therapy and exacerbations during the follow-up

period.
Study groups, Controlled Uncontrolled Total
N =1.087 N =1.944 N = p-
Number of patients, % (35.9%) (64.1%) 3.031 value
(100%)
Medication used
Oral/injectable 13.1% 68.5% 48.6% <0.001
corticosteroids
Chronic use oral 21.0% 37.0% 31.2% <0.001
corticosteroids
Systemic antibiotics 7 3% 36.2% 25.8% <0.001
Combined ICS/LABA 100.0% 100.0% 100.0% 0.999
Leukotriene antagonists 3.0% 69.6% 45 9% <0.001
Methylxanthines 6.0% 9.7% 8.4% <0.001
Short.acting anticholinergic 3.6% 20.7% 14 5% <0.001
drugs
Biological treatments 2.9% 4 3% 3.8% 0.049
- Omalizumab 2. 1% 3.2% 2 9% 0.045
- Others 0.8% 1.1% 0.9% 0.687

Nebulized treatments 9.9% 23.5% 17.3% 0.022
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and Clinical Immunology

Prevalence, T2-biomarkers and cost of severe asthma in the era of biologics: The BRAVO-1 study

Table 4. Biomarker characterization according to study groups

Study groups, Controlled Uncontrolled Total
N = p-
: N =1.087 N =1.944
N° of patients, % o 3.031 value
(35-9%) (64.1%) (100%)
Mean EOS, cel/mcL 267 (119) 348 (154) (13;1282) 0.031
34.2 36.2
Mean FeNO, ppb (16.2) 37.0 (14.1) (14.8) 0.462
187.9 271.6 2456
Mean Ig E, Ul/mL (109.1) (139.3) (135.6) 0.015
EOS =2 150 74.6% 85.9% 81.9% <0.001
FeNO = 25 74.5% 86.8% 82.4% <0.001
Al!erglc (lg E = 100 Ul/mL + positive 38 8% 59.9% 52 4% <0.001
rick test)
‘ EOS 2 150 or FeNO = 25 or Allergic 0 o
or ocC 54.8% 96% 81.2% <0.001
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Potential Severe Asthma Hidden in UK Primary Care @ ®

Dermot Ryan, MD?, Heath Heatley, PhD", Liam G. Heaney, MD°®, David J. Jackson, MBBS, PhD",

Paul E. Pfeffer, MRCP, PhD®, John Busby, PhD®, Andrew N. Menzies-Gow, FRCP, PhD', Rupert Jones, MD?,

Trung N. Tran, MD, PhD", Mona Al-Ahmad, MD', Vibeke Backer, MD’, Manon Belhassen, PhD¥,

Sinthia Bosnic-Anticevich, PhD', Arnaud Bourdin, MD, PhD™, Lakmini Bulathsinhala, MPH""", Victoria Carter, BSc"",
Isha Chaudhry, MSc”, Neva Eleangovan, BSc”", J. Mark FitzGerald, MD, FRCPC®, Peter G. Gibson, MBBS, FRACP""9,
Naeimeh Hosseini, MD", Alan Kaplan, MD, FCFP"*, Ruth B. Murray, PhD", Chin Kook Rhee, MD, PhD’,

Eric Van Ganse, MD, PhD", and David B. Price, FRCGP""""" Edinburgh, London, Plymouth, Cambridge, and Aberdeen, United
Kingdom; Singapore, Singapore; Belfast, Northern Ireland; Gaithersburg, MD; Kuwait; Copenhagen, Denmark; Lyon and Montpellier,
France; Glebe, Newcastle, and New Lambton Heights, NSW, Australia; Vancouver, BC, Canada; Stouffville and Toronto, ON, Canada;

and Seoul, Korea
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ORCRD subjects

Diagnosis of asthma prior to 2014 and no
other respiratory diagnosis (n=900,785)

Patients with at least 1-year follow-up data
post-2014 (n=494,085)

Patients aged 216 years (n=416,125)

Patients receiving 21 asthma medication in
the one-year follow-up (n=207,557)

N =406,700 excluded
(<1-year follow-up data)

N =77,960 excluded
(aged <16 years)

N =208,568 excluded
(<1-year follow-up data)
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Potential Severe Asthma Hidden in UK Primary Care = ©

. ens Variable Description
Definitions — — :
Comorbidities e For UK-ISAR, comorbidities are captured in

Potential SA : GINA step 4 and 2 or free text, and so are likely underreported

more exacerbation OR GINA step 5 (particularly when compared with the patients’
long-term primary care record)

e OPCRD: comorbidities are coded

Exacerbation e Worsening of asthma requiring systemic
corticosteroids
Non-referal Asthma control e OPCRD: assessed 5 ways:

1. Royal College of Physicians questionnaire”'
2. Asthma Control Test™
3. Risk Domain Asthma Control'”’
4. Overall Asthma Control
5. Short-acting P,-agonist use
e UK-ISAR: assessed by the Asthma Control

q s 23
Asthma Severe asthma Questionnaire

Adherence e OPCRD: assessed using the medication
possession ratio, with good adherence to

. . treatment defined as a ratio >70% (based on

Optimum Patient Care Research ICS prescription refills).*

Database o UK-ISAR: assessed by asking the question, “is
there evidence of poor adherence?” during
systematic assessments, which was answered
as “clinical impression,” “‘prescription re-
cords,” “objective measures,” or “no.”
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Potential Severe Asthma Hidden in UK Primary Care

. Potential severe asthma - Reviewed/referred in last year

. All other active asthma patients (216 year)

. . . NOT Reviewed/referred in last year
in OPCRD with >1-year follow-up

. NOT Reviewed/referred ever*
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Chach for
ki

UK-ISAR (218 year): confirmed severe asthma (n=714)

OPCRD (218 year): PSA REVIEWED/REFERRED to specialist care

(n=4,634)* 145 9.7 12.7

OPCRD (216 year): PSA REVIEWED/REFERRED to specialist care
(n=4,668)*

14.5 B8 12

I

OPCRD (216 year): PSA NOT reviewed/referred to specialist care _5 4

(n=11,741) 39.9 - 179 9.4

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%
Patients (%)

m 0 exacerbation/y 1 exacerbation/y 2 exacerbations/y

™ 3 exacerbations/y M4 exacerbations/y W25 exacerbations/y
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Chach for
ki

UK-ISAR {218 years): confirmed severe asthma {n=714) 26.1 24.2

OPCRD {218 years): PSA REVIEWED/REFERRED to specialist care
{n=4,634)

OPCRD (216 years): PSA REVIEWED/REFERRED to specialist care
{n=4,668)

OPCRD {216 years): PSA NOT reviewed/referred to specialist care
{(n=11,741)

0 20 40 60 80 100
Patients {%)

W ICS/LABA  mICS/LABA/LTRA M ICS/LABA/LAMA ICS/LABA/LAMA/LTRA



Claim data : USA CMS data

The Journal of Allergy and Clinical Immunology: s

In Practice
Volume 11, Issue 2, February 2023, Pages 546-554.e2

Original Article

Impact of Mepolizumab on Exacerbations in the US ®
Medicare Population

Sanjay Sethi, MD?, Michael Bogart, PharmD"”, Thomas Corbridge, MD", Anissa Cyhaniuk, MA®, and Beth Hahn, PhD"
Buffalo, NY; Triangle Park, NC; and Plano, Texas

What is already known about this topic? The burden of severe asthma is improved by real-world use of the anti-IL-5
mAb mepolizumab in database studies.

What does this article add to our knowledge? Initiating treatment with mepolizumab significantly reduces asthma
exacerbations and oral corticosteroid use as well as exacerbation-related costs in a large, diverse population of Medicare

patients with severe asthma.

How does this study impact current management guidelines? This study indicates that mepolizumab reduced the
burden of asthma exacerbations and oral corticosteroid use while providing cost savings for elderly patients with severe

asthma.
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Impact of Mepolizumab on Exacerbations in the US )
Medicare Population

Enrolled ]
patients Primary outcome

N=1,278

Asthma exacerbation
1) Outpatient or ER claim with asthma and systemic steroid
2) Inhospital admission claim with asthma code

Study population
- Aged 12 years or older

with one or more
administration claims
for mepoilizumab 1) Proportion of patients with OCS use

2) Mean number of OCS claims/person
3) Proportion of patients with chronic OCS (assessed by PD-equivalent)
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Impact of Mepolizumab on Exacerbations in the US e
Medicare Population

0 . ,
27% relative reduction 43% relative reduction
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.t The Journal of Allergy and Clinical Immunology: Q'.r;\)
8. &

In Practice

Volume 9, Issue 5, May 2021, Pages 1939-1947.e7 _

Original Article

Cost-Effectiveness of Tiotropium in Elderly
Patients with Severe Asthma Using Real-World
Data

Sung-Hyun Hong PhD 2, Jeong-Yeon Cho PharmD ?, Tae-Bum Kim MD, PhD b,
Eui-Kyung Lee PhD 2, Sun-Hong Kwon PhD * 9 &, Ju-Young Shin PhD* 0 =
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Cost-Effectiveness of Tiotropium in Elderly
Patients with Severe Asthma Using Real-World

Data
Primary outcome
Candidates, Asthma exacerbation
VNERYENPL 1) Systemic CS burst; an outpatient visit with at least three days of high-dose oral CS or

single systemic CS + asthma diagnosis
—IESE My | 2) Epvisi

3) Hospitalization
Moderate-high dose ICS * High-dose oral CS = equivalent to 30mg PD per day
LABA
+
(+) one more severe

exacerbation Secondary outcome

Costs
Two controlled status for each and three asthma exacerbation
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Cost-Effectiveness of Tiotropium in Elderly
Patients with Severe Asthma Using Real-World

Data
Phase I: Real-world evidence generation Phase Il: Cost-effectiveness analysis
A retrospective cohort study using claims data /A Markov model
c ’
.20
v
<
Z Washout: Days [-365, -1] " Index Date = First prescription of Time horizon: life-time
2 * No tiotropium, COPD diagnosis tiotropium or ICS/LABA Cycle: 2 weeks
) e Perspective
Exclusion Assessment: Days [0, 0] : healthcare system
* Age265 Asthma
Exacerbation
Exclusion Assessment: Days [-365, -1]
1. Patients who had no asthma
exacerbation
2. Patients who have no prescription -
of medium-high dose ICS/LABA / \ 3
with asthma diagnosis . \ /
|
Covariate Assessment: Days [-365, -1] Covariate Assessment: Days [0, 0] \
* Baseline characteristics, comorbidity * Age, sex \‘ Asthma 4
3 > Death
Controlled }
Follow-up Period: Days [0, 365]
Outcomes /
* Total population P — s
* Subgroup by severity
||
@ .
v Time
Day [0]
v
£ * Theincidence of asthma exacerbation * Estimated quality-adjusted life years
S+ Asthma related costs * Estimated costs
: - - -
O « Cost of asthma exacerbation * Incremental cost effectiveness ratio
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Cost-Effectiveness of Tiotropium in Elderly
Patients with Severe Asthma Using Real-World

Data

Table 3. Annual incidence rate of asthma exacerbations and rate ratio

Patient srou Number of exacerbations, Mean (SD) RR
stoup SCS burst ED visit Hospitalization Total (95% CI)
Total
Tiotropium + ICS/LABA (N=274) 1.24 (4.28) 0.01 (0.12) 0.30 (0.76) 1.55 (4.33) 0.72
ICS/LABA (N=822) 1.84 (4.52) 0.02 (0.13) 0.23 (0.66) 2.09 (4.67) (0.62-0.83)
Subgroup: frequent SABA user”
Tiotropium + ICS/LABA (N=65) 2.40 (7.51) 0.03 (0.17) 0.34 (0.99) 2.77(7.51) 0.68
ICS/LABA (N=195) 3.47 (7.32) 0.03 (0.16) 0.37 (0.80) 3.87 (7.55) (0.60-0.85)
Subgroup: frequent exacerbator®
Tiotropium + ICS/LABA (N=148) 2.11 (5.84) 0.01 (0.12) 0.30(0.71) 2.43 (5.86) 0.77
ICS/LABA (N=444) 2.67 (5.69) 0.02 (0.15) 0.31(0.74) 2.99 (5.83) (0.65-0.88)

ED, emergency department; S4BA, short-acting beta-agonist; RR, rate ratio; SCS, systemic corticosteroid.
The rate ratio was calculated using Poisson regression and adjusted for pre-index period comorbidities (dementia, diabetes with

complications, and frequent use of SABA).

“Patients who were prescribed SABA four times or more in the past year.
*Patients who experienced asthma exacerbation more than once in the past year.
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Cost-Effectiveness of Tiotropium in Elderly
Patients with Severe Asthma Using Real-World

Data

Table 3. Annual incidence rate of asthma exacerbations and rate ratio

Patient srou Number of exacerbations, Mean (SD) RR
stoup SCS burst ED visit Hospitalization Total (95% CI)
Total
Tiotropium + ICS/LABA (N=274) 1.24 (4.28) 0.01 (0.12) 0.30 (0.76) 1.55 (4.33) 0.72
ICS/LABA (N=822) 1.84 (4.52) 0.02 (0.13) 0.23 (0.66) 2.09 (4.67) (0.62-0.83)
Subgroup: frequent SABA user”
Tiotropium + ICS/LABA (N=65) 2.40 (7.51) 0.03 (0.17) 0.34 (0.99) 2.77(7.51) 0.68
ICS/LABA (N=195) 3.47 (7.32) 0.03 (0.16) 0.37 (0.80) 3.87 (7.55) (0.60-0.85)
Subgroup: frequent exacerbator®
Tiotropium + ICS/LABA (N=148) 2.11 (5.84) 0.01 (0.12) 0.30(0.71) 2.43 (5.86) 0.77
ICS/LABA (N=444) 2.67 (5.69) 0.02 (0.15) 0.31(0.74) 2.99 (5.83) (0.65-0.88)

ED, emergency department; S4BA, short-acting beta-agonist; RR, rate ratio; SCS, systemic corticosteroid.
The rate ratio was calculated using Poisson regression and adjusted for pre-index period comorbidities (dementia, diabetes with

complications, and frequent use of SABA).

“Patients who were prescribed SABA four times or more in the past year.
*Patients who experienced asthma exacerbation more than once in the past year.
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Cost-Effectiveness of Tiotropium in Elderly

Patients with Severe Asthma Using Real-World

Data
The modeled frequency of \ ;
Outcomes clinically significant exacerbations EMectivemess Cost (USD) Cosi-EiMec tiveness
e e s e me Treatment for . ICER
SCS burst E 1Y visit Hospitalization OALYS Controlled state exacerbation l'otal costs (USD/QALY)
Base case
Tiotropium + ICS/LABA 11.31 009 2,70 6.90 9,97 5,673 15,580 60,074
ICS/LABA 17.13 0.19 2.16 6.87 B, 269 5,080 13,299
Incremental 0,038 2,281
RLCT as clinical oute omes
Tiotropium + ICS/LABA 4.31 0 0.45 7.02 9,943 1,081 11,024 82,051
ICS/LABA 542 0 0449 FRLL 8,293 1,227 9520
Incremental 0018 1.504
Subgroup analvsis: frequent SABA user®
Tiotropium + ICS/LABA 21.24 0,27 im 6,82 10,760 6,114 16,875 4,078
ICS/LABA 32.28 i0.28 34 6.72 0,057 T413 16,471
Incremental LR 1] 44
Subgroup analysis: frequent exacerbator”
Tiotropium + ICS/LABA 18.69 0.09 2.66 685 9.534 6,028 15,563 8,332
ICS'LABA 24 86 o 15 289 6, TG 8,241 6,812 15,053
Incremental 0.061 209

RCT, randonmized controlled tral: SABA, short-acting beta-apomist; SCS, systemic cortioostemid, ED, emerpency department; QALY s, qm]il]r-ad-jmtad life years; ICER, incremental cost-elfectiveness mbio.
"Patients who wen prescribed SABA four tmes or more in the past year.
"Patients who experienced asthma exacetbation mone than once in the past year.



Claim data : Korea NHIS/HIRA

@

EUROPEAN RESPIRATORY journal

FLAGSHIP SCIENTIFIC JOURNAL OF ERS

® Increased mortality in patients with
c corticosteroid-dependent asthma: a
rossMark

nationwide population-based study

Hyun Lee', Jiin Ryu?, Eunwoo Nam?, Sung Jun Chung', Yoomi Yeo',
Dong Won Park', Tai Sun Park’, Ji-Yong Moon', Tae-HP'ung Kim ®',
Jang Won Sohn', Ho Joo Yoon' and Sang-Heon Kim



Asthma

N = 466,941

> 18 years

AND
At least 2 claims J45-46
AND
Asthma-related drugs (ICS,
systemic CS,
bronchodilator, LTRA,
xanthine)

Increased mortality in patients with
corticosteroid-dependent asthma: a
nationwide population-based study

CS-dependent

asthma
N = 8,334 (1.8%)

Presence of asthma
AND
Prescription of systemic
CS under ICD-10 codes
J45-46 for > 6 months

Primary outcome

All-cause mortality
Mortality data provided by Statistics Korea

Secondary outcome

All-cause or asthma-related ED visits or
hospitalization
Under ICD-10 codes J45-46
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Fit for purpose

Healthcare Epidemic Long-term Treatment Treatment Treatment
utilisation issues prognosis adherence safety effectiveness
Retrospective Data collection Prospective

2o 52| =[]
- — - =]
HE&:It_hcare EMR LPatient
claims registry/cohort

* Routinely collected data
* Prescription records

*  Qutpatient visits

* Hospitalization

* Long-term complications
+  Mortality

Data source

Qutcomes

=h G

Patient
registry/cohort

Designed to address specific questions
Validated PROs

Disease-specific outcomes
Treatment-specific outcomes
Biomarkers

Linkage with routinely collected data

ERJ Open Res. 2023 Apr 11;9(2):00248-2022



Making or Using a Big Data

N )
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Which data should be used?

Cross-sectional

large-volume data

Research
goal

Longitudinal large-volume data




The divide between data scientists and clinicians

scientists

Big Data in
Healthcare




Synergic cycle

Classical
methodology

a priori
hypothesis

experiment

synergy of hypothesis-driven
and data-driven experimentation

model

Big data

hypothesis -
generation




Artificial Intelligence

ARTICLE

doi:10.1038/nature16961

Mastering the game of Go with deep
neural networks and tree search

David Silver'*, Aja Huang'#, Chris J. Maddison!, Arthur Guez', Laurent Sifre!, George van den Driessche!,

Julian Schrittwieser!, loannis Antonoglou!, Veda Panneershelvam!, Marc Lanctot!, Sander Dieleman!, Dominik Grewe!,
John Nham?, Nal Kalchbrenner!, Ilya Sutskever?, Timothy Lillicrap’, Madeleine Leach!, Koray Kavukcuoghu?,

Thore Graepel' & Demis Hassabis'
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How to apply in Respiratory Medicine

1 Comorbidity

@ =) Age, SES
75
sgf;ﬁ:‘i‘cic — ﬁ% &) Exacerbation

/ il

Biologics




How to apply in Respiratory Medicine

Expert’s decision
Biologics




Summary

* Big data can be a good source of severe asthma research
* We should know about available dataset
* For real-research, operational definition is important

* Take advantage of the strength of big data, but weakness should
overcome

* In the future, Al can be used in both generation and utilization of big
data

* New statistical methods, including Al, can be used as a novel
approach



Thank you for your attention
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asthma: a systematic review and critical
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"Machine learning”
and asthma

Asthma

"Random forest” "Decision tree”
and asthma and asthma

“Artificial
intelligence”
and asthma

*Data mining”
and asthma

"Meural network” “Support vector
and asthma machine” and asthma

103
articles

Remove duplicates 322
articles

379
articles

Remove irrelevant

28
articles

Patient classification

31 articles
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