ANALYSIS OF REAL WORLD DATA COMPLEMENTS
THE QUALITY OF CLINICAL TRIAL SUBMISSIONS
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WARNING

- This presentation is about real world problems, but still high-level

- This presentation might infect you with a new SAS “disease” — extending your
SAS programming to new levels

- Itis not only about programming, but also about in-memory analytics and yes,
about Ul solutions from SAS
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MAXIMIZING PRODUCT VALUE BY CONSIDERING MORE THAN EFFICACY
AND SAFETY

Equal access to healthcare
Return to work, participation
Caregiver burden

Effectiveness
Cost-effectiveness __...—"

Cost-utility .
Budget impact Societal
Long-term outcomes Va|ue
Direct and indirect Economic Patient . Morbidity, Mortality
costs > Value Value Sympfoms.(e.g. pain)
Cost-outcomes ratio iu nfctlonallty
Cost consequences references
Health utilities and Quality of Life

QALY’ )
Clinical Provider
Value Value

Effectiveness

Efficacy - Tolerability and Safety
Safety Compliance

Morbidity Adherence

Mortality Convenience

Osas .

Case Study: Maximise Product Value with Real World Evidence, Maria Kubin, VP at Bayer Healthcare — Eye for Pharma, April 2014.
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AUDIT, RESEARCH AND GUIDELINE UPDATE

Obtaining real-world evidence: the Salford

Lung Study

John P New,' Nawar Diar Bakerly,1 David Leather, Ashley Woodcock?

ABSTRACT

We need to assess clinical treatments in real-life settings
outside of randomised controlled trials (RCTs). Pragmatic
RCT (pRCT) data can supplement RCTs by providing

effectiveness information to support healthcare decisions.

Electronic health records can facilitate concurrent safety
monitoring and data collection without direct patient

contact for large randomised study populations in pRCTs.

The Salford Lung Study is the world's first phase 1l pRCT
in asthma and chronic obstructive pulmonary disease
(COPD), which aims to randomise over 7000 patients.
This paper describes the hurdles overcome and the
enormous effort and resource required to establish this
comparative effectiveness study of a prelicence
intervention.

GlaxoSmithKline protocol HZC115151

Asthma study clinicaltrials.gov registration
NCT01706198

the proportion of patients with asthma and COPD
who meet the common inclusion criteria in RCTs has
been estimated to be as low as 3% and 7%, respect-
ively.! It is extremely difficult to extrapolate darta
from an RCT into real life for a number of reasons,
including patient preference, lower adherence and
comorbidities.

In contrast, ‘real-world’ studies assess effectiveness
in large unselected populadons, which include
padents with comorbidities. Patients are under
routine care, taking open-label treatment over a pro-
longed period, with no additdonal visits and no
attempt to change adherence. Data are usually
obtained using electronic health records, which
provide long-term outcomes, including health eco-
nomics, free from interviewer or recall bias. However,
most effectiveness research is retrospective, limited by
its non-randomised nature, and more robust study
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CAN’T WE (DIFFERENT STUDY TYPES) JUST GET ALONG ?

“Experiment, observation, and mathematics, individually and collectively, have
a crucial role in providing the evidential basis for modern therapeutics.
Arguments about the relative importance of each are an unnecessary
distraction. Hierarchies of evidence should be replaced by accepting - indeed

embracing - a diversity of approaches.”
- Sir Michael Rawlins, head, NICE, Lancet 2008



STRUCTURED DATA UNSTRUCTURED DATA
TYPES OF DATA T ] 1

— A
Electronic 1| Medication [TE Medication ot
pill dispensers ""I prescribed ‘ 'J [netFoetions Medication taken
m o Latbeel S Biitiss
Medication rstlieation Medication filled | Dose Route Allergies Herbal remedies
= Alternative
NDC RxNorm oﬁ;%tﬁfe:sket therapies
Demographics HL7 | 3
i i3 3 : =
Encounters ; *  Employee sick days Visit type and time Chief complaint g
; i % ; . Differential =
Diagnoses ] Death rec_t.)_[ﬁ_s_m? SNOMED  I1CD-9 “diagnosis g
Procedures | cPT 1€D-9 5
; oM : : g
[ PERSONAL | | rpeatuienys, ; |[OINGS Fatholo / 8
Diagnostics (ordered) ' HEALTH i MONITORS histology z
RECORDS % TESTS ECG _ Radiology | || S
: " i Lab values, a
Diagnostics (results) e vital signs =l
Genetics i PATIENTS : 23andMe.com SNPs, arrays 2
- LIKEMECOM = | =
Social history : i Police records Tobaccofalcohol use \_E
Family history Ancestry.com 1 ] o
Symptoms Indirect from OTC purchases ;-,"
Lifestyle T b Fitness club memberships, CCH.‘.EF?[I)T 1 . =
fresty 5 grocery store purchases ] i
- - e - % PURCHASES < e raion
Socioeconomic Census records, Zillow, Linkedin . i _‘ POSTINGS |
Social network Facebook friends, Twitter hashtags i
F Climate, weather, public health databases,
Environment HealthMap.org, GIS maps, EPA, phone GPS | News feeds
< =V
Probabilistic linkage to validate existing data or fill in missing data

Examples of biomedical data Ability te link data to an individual Data quantity

Health care center (electronic i : P "
E:[ Pharmacy data E:l health record) data = Easier to link to individuals l
m Harder to link to individuals

D Claims data [_] Registry or clinical trial data -
— = Only aggregate data exists

Data outside of health care system

Source: “Finding the Missing Link for Big Biomedical Data”, Weber et al., 2014, Downloaded From: http://www.jamafacial.com/ on 06/11/2014

GSas | ¥,



EUROPEAN MEDICINES AGENCY : ADAPTIVE PATHWAYS

= Definition

o

EMA set up a regulatory route to allow new therapies for high
medical need earlier to patients using iterative development in
exchange for a restriction of the patient population, a conditional
approval with appropriate benefit/risk management and
gathering sufficient “real life data”.

= Further description

@)
@)

Adapt-SMART : IMI project to outline principles
Pilot project by EMA in 2014 with good results

= |Implication for SAS programmers

@)
@)

Real life data assessment and analytics

Use your skills and modernized SAS environment (SAS Viya) to
analyze patient registries and observational data

Take results and ensure validated output for regulatory
submission

Input from patients is requested : ePRO, more data

More involvement and evaluation from HTA’s early on means
going away from approval solely based on RCT efficacy and
safety criteria : more holistic view of value of new product for
patients

Tama  QDbVIE  @uercnce:  AMGEN

Com @ik efpla s Kol
- ..

HHA‘S e ($ Astrazenecs® SIPSEN EPF _)‘4‘(

EURORDIS R e

Janssenj' % @ MITNEWDIGS @
pene €I MSD  MeRck INHS§

) NOVARTIS N——— sdhech x .m [+=E

novo nordisk”

Stindhedsstyrelsen

SANOFI

EUROPEAN MEDICINES AGENCY

Criteria for AP candidate selection

1. An iterative development plan: start in a well-
defined subpopulation and expand, or have a
Conditional Marketing Authorisation, maybe
surrogate endpoints and confirm

2. Real World Data (safety and efficacy) can be
acquired to supplement Clinical Trials

3. Input of all stakeholders, particularly HTAs, is
fundamental

Unmet medical need is self-fulfilling.

..a product lifecycle outlook
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SITUATION INDUSTRY CHALLENGES

Critical Business Issue Missed opportunities on potential research studies

Problems/Reasons » Identification of patients for cohort study requires both
clinical and technical expertise
» lterative process to build cohort list of patients
« Data size and complex queries takes long execution
« Multiple data sources; no industry standardization
* Analytics are programmed for each cohort, time consuming

Specific Capabilities « Data Management and repeatable ETL processes

» Ability to apply complex query logic to identify patients that
meet cohort specifications in near real-time

» Ability to define cohorts based on an index-event

« Specifying inclusion/exclusion criteria relative to the index
event

* Visually explore cohort characteristics

* Apply repeatable analytical methodologies across cohorts

THE
POWER
TO KNOW.
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REAL WORLD EVIDENCE : PATH TO INSIGHT

Data Cohort Generate Visualization &

Management Identification Analytic Data Analytics

Analytic
Data

Osas =
| POwER
. | TOKNOW.



RWE ANALYTICS USING COHORTS FROM RWE QUERIES

- Query tool creates a list of patients included in the cohort
- Creation of standard analytic-ready datasets can be automated and feed into

downstream processes including:

- SAS® Visual Analytics reports and explorations — SAS Viya

- SAS® Studio

- JMP, R or other tools

- Other derived outputs can be generated easily using typical SAS technology

(DMS SAS, SAS Data Integration Studio, SAS Studio)




HADOOP

I

MarketScan
mm—

CPRD
—

IMS/Cegedim

SDTM/ADaM

)

l gsas
Statistician Visual Analytics EP
Clinical Visual Statistics
Data Analyst In-Memory Statistics
HPA — Data Mining

Create Cohort Dataset

THE
POWER
TO KNOW.
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USING SAS TO ANALYZE
HEALTHCARE DATA

Exploration of the data to generate insights

How ? using visual exploration capabilities

3. Validate 1 Vsl » Confirmation of these insights statistically
Sffgctzll?rtngsl exploration
How ? using visual statistics capabilities
2 Visual \ = Closing the loop — Validate Statistical findings

Confirmation

How ? using in-memory statistics (code) in SAS Studio

THE
POWER
TO KNOW.
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USING SAS TO ANALYZE

HEALTHCARE pata  VVhat data are we using ?

= Healthcare data (mixed EHR & Claims data)

Patient Procedural

(e
@
Medication Diagnosis ‘

J
/

= IMPORTANT :

v Structure of the data is equal to Real World Evidence (Healthcare) data
v Content is ‘simulated’ Heart Failure data
v Data Preparation completed upfront

THE
POWER
TO KNOW.
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USING SAS TO ANALYZE Vali
HEALTHCARE DATA all

[ Eplration Heart Failire - %) § SAS Studia x '\

date Statistical Findings

€« € | & https//waves.sas.com/SASStudi

SAS" Studio

4 Server Files and Folders

¢ & & F B O A HBE X
4 69 hpametaswa.fra.sas.com = :E LoG RESULTS
Folder Shorteuts O- BB & 9 o™
4 [ Files (Home 1TLIBNAME Lrosthls

I 2 PORT=10017 SIGNE RSLASRAutho tion" "hpademoswe.fra.sas.com" ;
I Dossier_AUD =

b [l Dossler_BLC 4

5% P ifica = @ rel 2
» [ Dossier_ERV Sslet c ification rx_xarelto ; - o

6®let continuous = smoking age_category diastolic _bp bmi avg_incoms;
b [ Dossier_FAR 7
b [ Dossier_JGO 8proc contents data=lrosthls.MEDICATIONS 10PCT:

Srun;
b [l Dossier_msa 18
+ [l Dossier_SEP

b [l DOSSIER_SYF
4 [ Folder_sbxmal

[43 Crosstab_nicardipin.sas

=1; else rx_xarelto=0;

[£3 Program_rwe.sas
[43 Program_rwe_xarelto.sas
8 TextParsesas

v i JBD

b JEC

b [ LonghowLam

proc imstat data=lrosthls.MEDICA
logistic &classification =
o S ION nam

b [l MonDossler

b [l ODSEditorFiles
v PAN

b [ sasuser.vo3

b [l sasus

run;

proc datasets
31 delete MED
32 run;

v TEST -
p Tasks
» Snippets
p Libraries
» File Shortcuts

p SAS Folders (experimental) Line 32, Column 5

Validate 1.visual
Statistical exploratio
Findings n

2. Visual
Confirm ation




USING SAS TO ANALYZE

HEALTHCARE pata  Validate Statistical Findings
E: Program_rwe_xare L 4
A HB X i,

CODE LOG

RrLEL &

[ — - t4 mamas

Likelihood Ratio 5157883 8| <.0o01

Parameter Estimates for ROST_HL S MEDICATIONS_10PCT_S

Parameter Estimate | Standard Error | £ Vaiue | Pr> [z
(P | 3238 03744 | B85 | <0001
iy it et ks | -0.00807 01401 | 008 | 0.9540
P v ke | aamz D423z | 082 | 04112
[ smoking Not currenily smoking | -0.04322 0.00283 | 047 | 08408
P manalding Fievibasly smoked: || a &l | .
e calegory 3544 | 2278 0.1081 | -21.48 | <0001
B category 4584 | o.o7933 0.08088 | 0.96 | 0.9255
age_category 6578 | o | |
iastolic_bp 200403 0004374 | 092 | 03564
bemi 200138 0004484 | 031 | 0.7574
avg_inaome 88017 27234 | 025 | 0.8002

Type Iil Tests of Model Effects for ROST_HLS MEDICATIONS_10PCT_§

Effect Num DF Chi-Square Pr = Chisg

= 3 190 05832

ape_category 2 35108 <0001

diastolic_bp 1 D85 03554

bmi 1 p.10 a7574

avg_income 1| 0.06 aso0z
Dimensions | l@mion Hisiog | C | Pt Ssausncs: | Type i Test | Esunaws | Response Prodle

diasiolic bicod pressurs 1 pesGTE
Fwrage mCome 1 DOGLEAS
age caisgony 2 6510034
emoking 3 1901041
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CASE CONTROL / PROPENSITY SCORING

[ setlmnamanndDoProeFriq.aas X

Settings | CodgeResults #EH B 3
wrol h‘-:llt!_ Shd-ﬁ-l;' E!;_M;j_':l-!;:lﬂl-':l.';:l IMFORMAT #
A COMTROL OFTICNS
Additisnal yariables: m +

Welghts variznles: o du i +

B R ITRUT QPTIONS

M reesEContraMatehing. %

B RLEL

¥ Tabda of Contents

Frecant

Percant

Casdh

RESLITS
a 4 &
FARINCD HUMm Ur L U YTeud T &
Faldad [ s3a0 ] 100 088

Distribution of Propensity
235
an -
15 f'
i} .._._Hﬁ {
5- Fu
a- o =
25
-
1% -
1 |1 _,ir

=1 =
3 i
a- — — - = e e = =
a o4 o m omona =]
1 44 s omomesd —F I}f
0495 050 DE50s
Estimatad Probaniity
Marmal Femel
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USING SAS TO ANALYZE . . 3, Validate
HEALTHCARE pata  Exploration of the data to generate insights il

2. Visual
Confirm ation

. SAS Visual Analytics Hub > Data Explorer

Report Designer

Recent : Favorites : Links H Test_Stijn_NewCollection
= Content that you mark as a favorite will be Links will be displayed here. Add links now /My Folder/Test Stiin NewCollection
Exploration Heart Failure Phuse. & ) ) -
displayed here. Add favorites now or later. or later.
B Adverse Events [
e Exploration Heart Failure [
-

SAS | i




3. Validate
Statistical

USING SAS TO ANALYZE . ..
HEALTHCARE pata  Exploration of the data to generate insights

2. Visual
Confirm ation

New Visualization > Explore the PATIENT data (Age Category) using a Bar Chart

Al
1
o
1 e

ul| - | Visualization 1

Frequency of age category

0%
40%
2
40%
- — o=
i Replace » 2
— Sort 3 3
z
Count g
* Percent
20%
0% T
(missing)

M age category

25-44 423%
4564 64.80%
6579 30.60%

Replace age category »

Remove age category l—,-

Sort P Ascending iss
Descending r

-

Rotate Labels
Add Filter for age category on Misualization
Add Filter for age category on PATIENT_10PCT_BUILDER
Add Rank for age category on Misualization

THE
POWER
TO KNOW.
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USING SAS TO ANALYZE
HEALTHCARE DATA

Measures: Diastolic & Systolic, etc.
Color: Smoking (Variable)

Gmkd|ooe | mos |5 el

o0 e i e e | ()

Exploration of the data to generate insights g

L2 SR A ST S—. |
(SR
M patentic 3847 |24
M patient race
M patient r=gion
M pericd fps
M smoking
M sysholic rangs
M tpe of shuty indeo o populatien
M Vanatie Nama
M anabis Name
@ MEasue (17)
& wdas in baseline
& #days inollowap
& age as ofindex date
& awngencome
& bogymass index
& data sourced from clans
o data sourced from clinical
& dianilic biood press um
#F DIV_NUM
& ozion_ntuge
& divsion_longitice
& nearmae
& lengih of enroliment in days
& lengih of study in days
& region_latitude
& region_jonpiude
& spbolic bioed pressure

-]

G i B o

| @ avemge mcome | | @ age as otiaexa.. |17

| eamae |1z

¢ meswichiotp. | e

name
Classificaton

Wodel tipe

Format

Plot of selected measures

simiseinal « Cimentemokar « Newaramaker s Notcurenty smaking

« Pravniish amokad

£ 2. Visual
\ Confirm ation

——

Use Automatic Chart

Daln source’ PATIENT_10PCT_BUILDER
Measures
& syiokc boad prassuse -

& diastolic blood pressure

Calor

M smoking X
Data tips

4 -




USING SAS TO ANALYZE
HEALTHCARE DATA

Properties — Line Color: Event

Freguency

Link widih

Welght

Minimum path length

Maximum path length = E
Mnimum frequency. (1 E“
Maxmum frequancy [:F[

Path ranking:
[ Top. |x)[200 5]

[[] Compress

)

Exploration of the data to generate insights

Each Medication is an event = has a separate color.

Switching in time from therapy

Gad oo | B | L )] )] bl ] 5 R [ B | el | (2

3. Validate
Statistical
Findings

2. Visual
Confirm ation

Dama 8, - | Visualzation 5 f-a x [y js @ Povemes * G 5 [
| MEDIGATIONS _10PGT BN Sankey Diagram of USC descrigt Name: Misuaization 5
2 e e S . o W e
M Cobort Name il e ATORVASTATN 10.., [¥] Genesate graph i
WY cita source of index event 3 am i FUROSEMDE 20...
i date ot indexevent 42 88 Properses
M cizsioiic range 4 [¥] Show ianeis
M Fillea Wiien Typo 1 FUROSEMDE 20 ... 7} Sonaey
| = S (] show outiine
: Ganeric coge 10 kel | BT A FUROSEMDE 40 ...
Generic Drug Fi 1 M —
W Gonarie Nam i 0 ARRVASTATH 10 e . S % — .
anic Name o . " ] Verbeal layout
M neastrate categary 3 528 v N
M indiex code version a9, ka0 ' AL N cipoiencen.. RN N : 31 N Pom ananics
M ncexewnt code type diag, proc, ol 1| \ % Ad5 | b N — HYDROCODONE .. Ling; color. Ewint v
M insurancs tpe sft W\ Ll | e \\ ¥ T B
" \ 4 153 Fraguency
M NOC Code 1 L ¥ b \ 5\ Link wicty
W patent gensat 2 NRE A b Weight
M oateni i 3806 i
= =
M patent ace 5 ey, * HYDROCODONE ... T Wnimgm patt et (1 2]
M patent regien o T A - I::|ln ) oo ! My path length =
M perod twe 2 e Ty Y = 1?’: Mnimum fequensy. 1
W Ry Marsi 2 \ \ \ \ Manmum bequency |- - %
M smoking & 2 . N & 2 —'T]
M skl g 5 N S METOPROLOL ... \ f| [ Pt el :
M 0% o 510y, 085 o BopUiIBen 1 \ = q:ﬁ i . TRAMADOL S M.. I [T
M Uniform System of Class fication code 10 HYDROCODONE ... - - = = \ - Fm (| Comptess
M USC descripton 10 s \ T
M Varabiz Name 1 A ¥
nati TRAMADOL 50 M...
A it METOPROLOL ... At ¥ - B o1
¥ @ Measurs 22) A | k<3 - - \ i .
7 a0 in baseling kel e - S, = WEARERHIN 2,5 M.
— -
;
Hhing £\ 2 arificial seauence order was generated for 161 pats that contain s multanecus events. Showing lop 200 of 427 paths by equency of path. Onie or more paths fiated for ihe ranking are natshown. &
3sif 537 Event
Siakslnigton ’- A olher valugs W ATORVASTATIN 10 14G TABLET
Madeitoe sl— H Drop o W FURCSENDE 20 MG TA8
2 £ FUROSEMIDE 40 MG T8 W HYDROGCODONE § MG-ACETAMNOPHEN 3
Famat Path Frequency by Link M VETOPROLOL TARTRATE 25 MG TABLET W TRAMADOL 50 MG TABLET
aorgaon W WARFARIN 25 M3 TABLET B XARELTO 10 MG THBLET ] Auo-update Updaw
IS =, ~lies ~ el
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USING SAS TO ANALYZE . . . T 3 Validate | 1isual |
HEALTHCARE bata  confirmation of insights statistically gl | (e

Daga | New VISUALIZATION
MERICATIONS 10PCT, iz ¥ Select “Medications 10PCT” Data
18 | @ Search data
M Cohort Name 1= New Logical Regression Model
M data source of index event 3 s - = - ] :
® date of indexevent 42 (]| visuatization s sem % Nmroos [ i [E [ @ 0
- . | RX_Xareho (event=0) R-Square 0.0328 Cbsenations Used: 15,454 ‘ li£ Logistic Regression
Use Automatic Chart
Fit Summary O | | Residual Plot o |
Variable Importance Frequency Data source: MEDICATIONS_10PCT
20 high Responsa Advanced
‘age category ¥ 10 W R_Xareito d
diastolic biood pressure j ol
. . smoking |l i - Continuous Effects
Age is the only variable that sosmass e it ¥k =
; it i R ‘ . Y |l #avwgeincame
is statistically significant in = || | B [l e e
the |OgiStiC regression model. = = “,mnnm SR 05 07 08 08
Prediced Probability | 5 Classification Efiects
4‘”.‘. | M smoking focd
. Assessment (=} Influence Plot o M age category
So the age category is m = =
. . . Inte En
predictive whether the patient Ce======————maae——————emeeama - — | g S =
is likely to b ibed : :
IS lIKely 10 be prescribe g e Advances
Xarelto. B R -
(1] 20 40 60 80 100 Fraguency
We have seen durin e Lz w 5 w T & 7
g Model = == Best | Likelinood Displacement | § Ofisot
eXp|OratI0nS younger patlents Dimensions | leron History | Convergence | FitShisics | Type ll Test | Pameler Estimates Jmﬁl o i
. . . Waight
where prescribed primarily : Ch Squar c = i
bodymass index 1 0095431 07574 Lot
Xa relto' awerage income 1 0.084058 0.8002
diastolic blood 1 0850678 03564
smoking 3 1901041 05932
‘age category 2 651.0034 <0.0001
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USING SAS TO ANALYZE
HEALTHCARE DATA

Model Comparison

Model Comparison x
Data source: lmébléhﬁéﬁs:iﬁﬁéf | - J‘
Response” | RX Xareito |z
Lol @ =
Group By |tnone =
Ayallable models; Saolecled modeis;
|ii. Visualization 1 T

£ Gopyot\isualization 1

1®

Modal Companson - Compares decision frees, linear regressions, logistic
regressions, and generalized linear models with matching criteria

Lo e,

No difference between the 2 Logical
Regression models. Normal as first one
already made it clear that AGE was/is the
only Clin. Stat. Significant Variable.

In reality you could potentially compare
Regression model with another statistical
model e.g. decision tree; linear regression.

Confirmation of insights statistically

N\
\

3. Validate 1.Visual
Statistical exploratio
Findings n

%+ Visualization 2

‘ RX_Xarefto (event=0)

| Assessment O | | Fit statistic o
[Lin |=]
Selected
— — — — — Y 0,05
10 = ! et T+ T W £ g e . ...n...“__._.,_...\_‘
- 1\
\
¥ 004
7 06 E
P V(G4
= A
3
a4 a
-
l 002
02 \
oo
0 20 40 &0 80 100 0.00
Percentile Misualizaion 1 Copy of Visualization 1
—  VISUANIZANON 1 e e BESE ot Copy oTVISUaliZation 1 == = + Best Model
swtistics (¥l| Variable Imporance ¥l
Variable | Visualization 1 ... CopyofVisualiz.] Visualization 1 ... CopyofVisualizafion 1 imporiance
diastolic blood pressure. 2 0.35636
bodymass index 4 0.75738
average income 5 0.80018
smaoking 3 0.59320
age category 1 1 <0.00001 <0.00001
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SUMMARY

- Use SAS programming skills in a new world

- Use new capabilities to confirm hypotheses on patients
- Inclusion/exclusion scenario testing

- Adherence of patients to therapy

- Patient-reported data

- Wearables / devices

- Efficacy / safety
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mark.lambrecht@sas.com
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