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Dr. Reza Rostami, MBA, CCDM, RAC (Assi
stant Director, Quality Assurance & Re
gulatory Compliance, Duke Clinical Res
earch Institute)

15:30-16:10 (40min)

(3)The Difference in Investigator Init
iated Clinical Research between US and
Japan

Dr. Soko Setoguchi, MD, MPH (Associate
Professor of Medicine, Duke Clinical R
esearch Institute)

(¥R~ DELRE)

AWFFRITERE E MBI & R LTS
TIE2W, o Tk Me@icxt L TREE
HIRITA%EIT O b O TR WA, RV
DIFEESOX G L1322 b, FBE
FRTHRNDOT, FEEFFEOMEBIEE D
MBI HIRBR, SBILT ) AREET
BB EEE Y b TV o T, B R



J A BETFREATHIEICET 5 M fEEHC
HEZYE L,
LLAZNLDOmEREEZe T —= 7
ELTHEHETHHETH S,
FMrER S L CTEABTREZRDED
DT TERNDOT, EAFRKEL VST
FIAN—FIZELTHBEREL D b
DT,

C. WroefER
1. HCRIDFHRIHER

k2641 H 27 BIZB W THCRI Z 55 L
72 . President @ Goldsmith ES %> & HCRI 23
20004FIZRRYL &AL, KW RWERIRAFZE D 72
DEESLTHTIv I ORI EHEMEL
TIHEEN L TWAB Z & AFB S 47z, 200 L4
EDRZ T REZ, TIVE TIZ250LL LD
BBRERV, BRI H3F5T AU EOS
FERBEHEISNTND, FRICTER O PR
PR, Wi B 7p & R ERSROME R 72 A
ROBEELFEL L TVD,

L UCTIERBRT A . Wk,
BREZZES, T4V VT, T4~
RVAV N, BREEMRMREEHET 5,

HEICHALTI, R&EL 2207 0=
NHY, 1OIEEMANTE, O 12FE
RSN DA & > 7T CTh b, EARIT O
HEa 7T AT, BEHEROWET
=Yy 7OTu s T AL, REBRTY
A= F YV TOEETHD, 2T
TR LD = 2F 3 %7 b
—WAERIZEBT 20 ENEEND, ERT
S DR E v ZETOHETIEa s Ea—
ZEEBANL, ThENT —F—~vFx—V%
—PCRAE W\ o T2 Z L ICF b LTV 5,
Z NiXTraining MatrixE WoHER E 2o T

WA (XD, FRvr2xrad L Tlionix
Learning Management System& W9 & DT
ava—FEHWERERLRoTND
(K2), #I{ERFIZ60H M T, standard op-
erating procedure (SOP)H A KT A %
—BYVFESEDTHHN, I HIZSOPRH A R
TAVICRERYUGT R DD L, AT v 7
PSOPIZDOWNT30HE, HA BT A 2D
THRHIBEATHEHAFT SN Z LIZR>TW
Do

% ® 1% H>Harvard K 5% & L T Medical
School TlZContinuing Medical Education
(CME) Program. School of Public Health
Tl&Clinical Effectiveness Masters De—
gree ProgramMEXFH & LTHHDT,
Hx NDBBZJECTEHRL TS DD
EThot,

1. HCRI®Training Matrix



teacat Y

2. HCRIMLearning Management System

2. Brigham and Women s Hospital®hRE#HE 5
FR264-1 H 28 B IZ iXHarvard R DO FiFE T
% ABrigham and Women s Hospital, 7 C
b T — 7= 2% AW ERIRIF R A R A 72
Division of Pharmacoepidemiology &
PharmacoeconomicsZ @ L, Chief®DAvorn
HIER X OVice -Chief @ SchneeweissZiiz
RIX LA RAL v 75 bIEE FEPH
BlZoW T o7z,

3 O B ARIT19984F TR S 41,
= 3 i 72 & O IEFE A B % SR ERAG 72 B
xR T —Z RX—AZ L > TERT D
D Thol, ZDOLI KBTS —&~
— 2 X EICR B RBRE K T H 5 Health
Maintenance Organization (HMO) 237FA& L
TEY, £V oHMOE D ID b & T
DTNDHEDIETH T, ZDXH2Y

ATHMRDOMEZESDORRBLEL R
HHN, Harvard KFETlt, IRBROMEEES

REAFIZ R DEERIT AL TEY .,
RHBRICEMZEZERXDHN <R 2106
NTRY, 2ZTERSNDZLITRST
Wiz, fEo THISEE B J 0 L IR 2
D3k H 2 LR R TE D RIEEN TV,
BEIZOWTIINE TIERIL Y eENE

FEZOJTRRTHZHZ LN T, b Lk
WEEOHBIZOWTIEMEELRE L
e-learning ® Collaborative Institu-
(CITD) %%
HALTW EDZ EThHoTz, TDIEMN
Harvard K= 0 IEX 2 BRIRAT BT 5 7
0y TLEZHETDHEVIRRTHY,
BRI %W@ﬁﬁ@%77x%x?ﬁof
WHEDZ EThHoT,

tional Training Initiative

3. International Symposium on Global-
ization of Clinical Research and Trial
DFER

FR266E2 A 6 BIZKE N B34 VT
TERIRTE - TR O ERMLIZIa T 7o 2 2R
VUL BEREEL. D BINEKL, eT—
ST DAT UV ETHI EIT L,

to Address
Healthcare

3-1)

Confounding in

Statistical Methods
Database
Research

(BT — & N— 2RI
TS DT FR)

Dr. M. Alan Brookhart
Dept. of
Gillings School of
Health, UNC-Chapel Hill)

KT — F =2 &35 U TR

TITEERLIRRRER L BV, £ O E £#F
Hr L7z D TR FOREIZLY, IEL
WERZES ZENTERWAREMERH D,
L LED L) RBENR TR FEL
ANdZ &T, HiehbEFERLERRRER
DRRICBRVIER Y ZENTE D, TOERS
AN

Instrumental variable analysis® 2 -2 T

7 R A

(Associate
Epidemiology,
Global Public

Professor,

Propensity score adjustment &



D, FRLEFNICOWTEART 2508 L {F
WS TIZOWTHEA L-, B 50 HER

LVBRVRE—HEIICE A D Z & TIERNA,

—RENCTEEF RPN LB BN D
A1X. Propensity score adjustment® J5 5
FVTEY & THHRVRMOZHEE F 23
TE &, Bl instrumental variabled3 &
ATE A0 THNIE, Instrumental var-
iable analysis?MFFE LV, LxLW\VT1
WCEREZLDHE, MBEBICIA/RIT—HK
THIERZNENI L Thotz,

3-2) Quality-Driven Investigator—
Initiated Clinical Research (ERIEH
D ST WFFEE EE O BRIRIFSE)

Dr. Reza Rostami, MBA, CCDM, RAC
(Assistant Director, Quality Assurance &
Regulatory Compliance, Duke Clinical
Research Institute)

FEPAROE L CDCRIDBIIAE V| Wi
HEEORRFEICOWTHRA SN, %
W TRAR Y —] L) HEEITEARTIIAR
ELEZONDZEDRZVWN, ERRES
& LT, BRRMIEZRBTDICHT-T
HiEDHD AN, 3, BUF, FIHEE., FAAY
M2 L Th D LA SN, EoTANR
Y —OFEFEL U TETREE 28 E
L, BUICE=F VI Lz T5Z L7k
ERbHDEDZLThol, £ L TH%RE
WNEBICERRMNM A Z ERT 5N E DEE
TH oz, §E-> THIEE DBEEITFER
IR T BRI AN ER S 4, #RE D
FERRE R EZRFONBELHDHEDT &
Tholz, T LTAR Y —NIGREE %3
hazZ bbby, ToHEGEEETRFOR
EEHETHEOZLETHST,

F7-Quality Assurance (BHIFEIE) & 13,
NRBRBEMR DIT /B & Rt DML
LTHRDZ L) EEELE, 2L TRYE
Quality Assurance?d A IZ DWW TIE,
Ul PRAFF 98 2 BRI D IERYIESF OBLE 1 b
bEBALEFERTIZEB Y] LHAIN
7. BHEHIIBRIIEOH LD D AT v
TR ANDNDRETHD, BERLE
BT — 2 DFEEMED =D b BRI
BThod, EMEETEDORIKFRICE
W, T2 DREEMIEOCR H D & B
FHEOFHDELIRDHIEIT TR, #HBRE
DEEMENGENIND, Eo TEREEMN
RENTRRRMFERTIETMEETE, £
FLTWT DD TH D LR T,

3-3) The Difference in Investigator In
itiated Clinical Research between US a
nd Japan (WF30E FEOEERPFFRICEIT S
B kDiEi%E)

Dr. Soko Setoguchi, MD, MPH (Associate
Professor of Medicine, Duke Clinical
Research Institute)

BEIRBFZE & FRIEN 2T I3kk 2 72 b
DB DA, BARDOEFEWE L THKETITBUF
72 EAHIEBE N AR Y — L 72 BRSNS
W2l SHIEERIEERENSZEELT
K [E Tl Patient-Centered Outcome Re-
search Institute (PCORI) DHFZEHIHE 2 T
WD ZEDIRS NI, E T EERLERRR
BROBAEZEEE R, T —F_X—2EFH =
e, T EFRESRICE T 2R KE
TRINTWNDEWS Z & T, #HbiALE
FRAMENE Implantable Cardioverter De-
fibrillator (ICD) ZBNZHENT ST,

T LTHROEZ BT H7=DllidL 2 —
RV —UBRERTHLIR, Vor—v
THHDOIDAENE LTEH, ThIIRD



HEERS D LB I, HIEER
WS 27 — & _— R F iR e
EFTHEERETR&EZ &L L& LT, healthy
candidate bias% & if bivl, Ziidfilz
FICDZAND Z & T, —AEAR—LAD
ANERKRBREFITHB->TND LHITRZ
BMB. ZILHMhealthy candidate biasT
DY, FICEADPDRERENRALOND K
DIBEIIE, FOLI AL T ARE X
bNDLWNWIETHT,

D. &%
1. HCRIF L UBrigham and Women s Hos—
pital DFFIMNLE/E LN &

R4 BE |3 i B K D AROC 8 5 DCRI % 75
ML, SFEERZNLD BT/ DI VA
HRRIZBWT b Iy Ea—Z 2 AV HE
BRINTNWD Z L IFHEERENETH -7,
L23H Training Matrix & W5 BEFE Z & 12
BERBEBERDMPATND LWV D E 2 FIX
Fx DR LLBETHLDOTHT, &5
IZSOPRH A RF A4 L DHEEIZ S v
THEY, JHERFCORMBELTHBF LT
WA Z EFIERIERZ ETIRRVWEBZD
e,

— . BHEORIKMIE - 1HEBH D
e-learning b Lz & 2 A, SS0%HWVT
UMIN O BR PR BB B ERPEDC & 2 7 b {0
MR LIDE /XA U — K Te-learning®
ZENZTOND LV IS BEN
TWEHEWIEFETRERELEBDZ &M
T&ET,

% | CBrigham and Women’ s Hospital %
ST 52T, KT -2 _X—2%
WA EREEATH D Z E NEETE T,
HARIZEBWTEIRFES DR E EbiLd

MW, ZDX D e KRBT — & _R— 23R
WECICRIECE DNV R VWELEEL
TWaeEEZbN5, BE, EATIIERR
WFERIZEB T D mERtast L EFFRICRIT 5
fEEfEEt 2 A Uiz B EHc DWW THLY
FLEDONRRINTNDHERT, £ DORE
ETHMEZESLIBAEODLED TH
PRTWDZ ENRL WA, Harvard KF Tl
MEEZEATHIRBTHLEAOAN—HTHD
EWVH sk, EULSHFRERIC L o Tk e
HOICHT PRI R EOEHE LR EEL
WeEz b, £/zHarvard RZRIZBWT
HIFEFERE LIZCITIZER L TNA Z & A
i cET,

2. International Symposium on Global-
ization of Clinical Research and Trial
PhEbh-Z &
REBMIPOMEEFEL LOHFE LR
BLTYrRYY LERME L, KD
W RIEE 2 5 2. DCRILAAR > b 3R 2 13
W32 Z L bRat L7ch, BIEOLEE IR
MPICHEETH D . BRI EFTICHIKE
LTW2Zehhb, FFEHEICIRINLD
WS L Ae o 7o D3, SREFEIFDCRILSI B b
B LIZWEEZ TS,

HARIZIB T DEERIFES D72 0Bl & LT
KRBT —F _N—2AZFH LIRS £ 72
B TnR2NWZ a2 diFend, Zhid
A7 T OB T TIE R, /U~ wn
FREEFESN TV RN EICL B EED
ND, 2O/ UNUEIEZD ETHEIRE
EThV, PTHRAKT —FX—2%H
UWNTZAFFRIC B 1T 2 ASAS R F 2 T DRt
FEOHE X, ENTRIEEREZITON
BRWHEETHY, BWarrr iR



e-learninglZ HIBMTE LB T3,
A FEERPE ORI OEEMEL
WH T L LRI RRMIGED T — % DRk
WDOREND DA T, R E FED
FRRBFZEIC B T A EREHEN RO BN D X
Nl Z &0 b,
Investigator— Initiated Clinical Re-
search] DffF % e-learningd L CIEMNT
Xl LRI L) —THhD EEbN
Do

BRI\ CHFFEE B ORRRIFEICIT 5 B
KOFET, KFET —FN—2%H-
ERESICETOMRICET 22T Y
bEOLND LD &b RERR
ThdLBbhd, Ktz ERT DICH
Teo ThiHliE b REIEE b EREIRICH
TEHOHELED TR LN EDEZE ST T
W Z EITHISTE b D E Bbivs,

IQuality-Driven

E. &

BRIRBFZE - TRERIZBA ¥ 2 e-learningll ¥
WTHEBESISA RO DA Z &b, K
£ B |3 Harvard @ HCRI 4 U®'Brigham and
Women’ s Hospital Z&hHf LEEFERI DA U %
2T AOBEBEESCCITION AIZ OV CHERR
L7z, FEIDCRIDOIFRERVHEES

PHEBLTY VRS LZEEL, 58K
RFE2RBETHHaFE . TEREERN

SN E TR ORKRATE] X [HF5E

FEOREMNIFRICEBIT 5 B AOFE] (2o
WCe-learning® 22 5 Y 2K T 5 2
EMWRTET,

G. W33k

L FRSCREE

iz L

2. FERIEK

1) /N RIT, Wl 77 TRFE - LRI
s LT 72 BRI - TRBRD T2 De-1

earning> A7 LD, HRKRIFEFBRIELHE
FEBER 7 +—F L. p99. 2014

2) /LN KJr: e-learning T Y
B, HARRRKRRBRIIES F 5B
ESRaET a7 T Ao, p28. 2014

H. HEOMEERED HFE - BEikin
(FEZET, )

IS RieE

FRIZ2 L

2. EFERe

BrizZa L

3. F O
ez L



(&8E PR2SFE BRI - IBRRO 7 v — b7 e 75 A



FRIRBIZR - BROEREIZRIF =Y RO L

(http://cbi. umin. ne. jp/dces/isgert_j. pdf)

B {20145 2A86HXK
15 BT BFEE
HRAKZEFHHEMTEHE 14F
FEESME - 20048 EH

HIAKFERUBEWEDE

BaF. CE. EFEES. emall T FL R
# S AD L, cbi-secretary@umin.ac.jp IZ
BEY CFZEL,

BIAREYNE 2014 1 A 31 HZ&E LET,

<7TBTIL>

12:30 BRiE

13:00-13:05(5 %) BELDE
HREARKEREREZRAER
BERERME L R T LEBE HEASRS
INB KA

&m%wmmm ? Le
o wFEn AR | |
@ RTRR

13:05-13:45 (40 43) Hif#EE
MEETEEERAEICET2EDHAROES
HREAPAFREZZRAER A HERESER E#Mt;r 28 HiF KIE Hig

<AAtviar: MREZZEEERHZ: Up to Date >
13:50-14:30 (40 %)
(1) Statistical Methods to Address Confounding in Healthcare Database Research (X#&HEF # T St
Fi%)

Dr. M. Alan Brookhart (Associate Professor, Dept. of Epidemiology, Gillings School of Global Public
Health,UNC-Chapel Hill)

14:35-15:15 (40 4)

(2) Quality-Driven Investigator-Initiated Clinical Research (BRI EEMN L SN -HEE T BEEKRT)

Dr. Reza Rostami, MBA, CCDM, RAC (Assistant Director, Quality Assurance & Regulatory Compliance,
Duke Clinical Research Institute)

15:15-15:30 (15 4) {KER

15:30-16:10 (40 43)

(3)The Differences Between Japan and US regarding Claim Database and Evaluation of Pharmaceuticals /
Medical Devices (A kD& EEEHRTMHE T —FIXR—XHR)

Dr.Soko Setoguchi, MD,MPH (Associate Professor of Medicine, Duke Clinical Research Institute)

16:15-16:45 (30 4)
(DFRRAE - RERD=HD e-learning
HRAFREZREZRARR BREEMR DX TLEBE HELESE DAN

16:45-16:50 (5 %) BHEDE:
HRAZAZREZZRMER BRESEHE D X T LEBE HEE%E MXN

o EEORRIIIBREDITATFETYT, AV VRS TAISED e S —= 7 DarT YOOIl RBELITWETI &
%:TEK FEV, RBERIIETAICRGESARANE D ICERBRLET,
F  EEFERENEREFE EFRFENERCREFRTE H4-BEHFE-—%-002) F . IS GEERSP)



Statistical Methods to Address Confounding
in Healthcare Database Research

M. Alan Brookhart, Ph.D.
Department of Epidemiology,
UNC Gillings School of Global Public Health
University of North Carolina at Chapel Hill

Learning Objectives

+ To understand some basic features of two very
different statistical approaches to confounding
control

— Propensity score adjustment

— Instrumental variable analysis

Motivating Example:
Observational Study of Non-steroidal Anti-
Inflammatory Drugs
and Gl bleeding risk in an elderly population

» Compare risk of Gl outcomes in elderly between
— Non-selective NSAIDs
—~ COX-2 selective NSAIDs

» In RCTs, coxibs were found to be slightly less
likely to cause Gl problems

« What is the benefit of Coxibs in a real world
patient population?

New User Cohort Study

+ Population: Medicare beneficiaries in 1 US state
» Cohort of new users of COX-2 inhibitors or non-
selective NSAIDs between Jan. 1, 1999 and

Jul. 31, 2002
—Yielded N=49,919

+ Captured a variety of covariate from the medical
and pharmacy claims

+ Do not have measures of laboratory or clinical
variables

» Outcome was defined as a hospitalization for
peptic ulcer disease or Gl bleeding during
follow-up (60-days)

Characteristics of Cohort

Variable Coxib NS NSAID
Female Gender 86% 81%
Age>T75 75% 65%
Charlson Score>1 76% 71%
History of Hospitalization 31% 26%
History of Warfarin Use 13% 7%
History of Peptic Ulcer Disease 4% 2%
History of G Bleeding 2% 1%
Concomitant Gl drug use 5% 4%
History Gl drug use 27% 20%
History of Rheumatoid Arthritis 5% 3%
History of Osteoarthritis 49% 33%

Confounding by Indication

Confounders
(Gl risk factors)

o}

X .Y

Treatment Outcome
(NSAID choice) (G bleed)

Notation: X=treatment (0,1), C=vector
of confounders, and Y=outcome




Controlling Remaining Confounding with
Statistical Models

Confounders
(Gl risk factors)
Propensity Score and c Multivariable Outcome Models|
IPTW Methods \
X Y
Treatment Outcome
(NSAID choice) (Gl bleed)

Notation: X=treatment (0,1), C=vector
of confounders, and Y=outcome

Propensity Score

Propensity score is the probability of receiving
treatment (X) given confounders (C)

PS = Pr(X=1|C)

Propensity scores summarize information
about confounding in a single score.

Propensity scores are almost always unknown
and must be estimated.

Propensity Score Theory

If all confounders are measured and model for
treatment is correct,

Treatment assignment does not depend on the
confounders given the PS.

Among people with the same propensity score,
treatment is effectively randomized.

Hypothetical Distribution of Propensity Scores
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Inverse Probability of Treatment Weighting
(IPTW)

+ Each subject weighted by the inverse of the
probability that they received their observed
treatment

+ Inverse probability of treatment (IPTW) estimator
—Fit a standard regression, but weight by
1/PS(X), in treated patients
1/(1- PS(X)), in untreated patients

Inverse Probability of Treatment Weighting
(IPTW)

Fit a standard regression, of the outcome on
treatment, but weight with IPTW

Or can estimate effects by taking difference in
weighted means of the outcome between the
treated and untreated

RD = %{iﬂ()ﬂ e, - ST -I(X, = 1)}wf,}

i=1 i=1

IPTW creates “pseudopopulation” in which
treatment is unrelated to covariates

High Risk Low Risk
original
population
re-weighting l
Pseudo-
population

No association between NSAID use (X) and GI risk in pseudopopulation

IPTW estimates the average effect of treatment
in the population

+ Similar to what is estimated in randomized trial

+ Populations in large databases are often ill-
defined

« If patients with contraindications are treated,
may get hugely up-weighted

+ Cause IPTW to give peculiar results

« Other weighting schemes can be used (eg SMR
weighting)

NSAIDs & Gl Bleeds: Results

RR
Statistical Method (95% CI)

1.09

Unadjusted (Crude) (0.91-1.30)
0.96

Multivariable Regression (0.79 -1.15)
Inverse Probability of Treatment 0.87

Weighting (0.71, 1.06)
0.83

SMR Weighted Estimator (0.66, 1.03)

Coxib Example: Unmeasured Confounding

+ Many Gl risk factors are unmeasured in
health care claims data files

— Tobacco use
— BMI / Obesity
— Alcohol consumption
— Aspirin use
« PS, IPTW methods cannot address this
problem




Current Area of Active Research:
Automated Approaches to Building Very Large
PS Models

Chspsd, ARTICLE

High-dimensional Propensity Score Adjustment in Studies
of Treatment Effects Using Health Care Claims Data

ses, Bokert £ G, Jorey sAvorn, Hokor Magus,
Lt Heorddon

Kedoasstmee Selinwoeiss, Joremy s

Epidevdatngy » Volues 0 Nombee 4, Ry SO0

Detailed results of coxib study using hd-PS

Table 3 i covariate adj ang ive 1k for the of selective cox¥
and Gf complications within 180 gays of Hiest madication use,

g Varishias Tovariste & Quteome
k] Nambar of tested priarifh  stetistic  model
g Covatistes includad in covariates pey data  Dsta souece  xsfien SRS Refative

grapensity score modef adjusted source _granularity  algosithm _modet sk 8% CE

w4555

T Lnsdnsied . 0% GOL14C
R AR sen e, pure e o8 (R I 2 L8 ]
3 v precafned covas TED el 1R aw o L1812
4 einpi e PN SN0 Bt Ges o84 IR0
5 vempiricat n200 FUIGRICD  Biakes 071 588 073108

Bootutrpped ¥% Ofs: ¢ 73,146

Bty 847 o8y HILAE

Schneeweiss et al.
Epidemiclogy, 2009.

Strengths and Limitations of PS Methods

+ Identify patients who are always treated/never
treated, for removal from analysis

* Results in estimates with clear interpretation

* When treatment is common, PS models can
support large numbers of covariates

* Require that all confounders are measured and
models are correctly specified!

Instrumental Variable Methods

» Developed and widely used by economists

» Can be used to bound and/or estimate treatment
effects even when confounders are unmeasured

» IV methods depend on the existence of an
instrumental variable (“instrument”)

« An IV is a factor that effectively randomizes
patients into one group or another

Causal Diagram of Structural IV Assumptions

Example: Randomized Controlled Trial with Non-Compliance
Randomization

All risk factors

Instrument
for the outcome

Treatment Arm Assignment

Z U, C
Blinding %
X - Y

Received Outcome
Treatment

Note: Z can be a valid IV under less restrictive conditions

Note 2: Double headed arrow represents association due to direct causal relation
between Z -> C or C <- Z or an assoc. due to a common cause

Intention-to-treat (ITT) Approach

In RCTs with non-compliance, as-treated
can be biased estimate of the effect of
treatment.

ITT estimates the effect of Zon 'Y
ITT =Pt[Y =1|Z=1]-P1[Y =1|Z =0]

In placebo-controlled trials, ITT estimates
tend to be biased towards the null when
there is non-compliance.




Classic IV estimator is a rescaled ITT estimator

5 PY=1]Z=1]-Pry =1]Z=0]
YU PX =11Z=1]-Pr{X =1|Z =0]

Xis received treatment

- Numerator is the intention to treat (ITT) estimate of the risk
difference

» Denominator is estimate of the effect of the instrument on
treatment on the risk difference scale

Interpretation of IV Results

« When treatment effects are heterogeneous, IV
estimator may not be estimating the average
treatment effect

» Under ‘monotonicity,” IV estimates the average
treatment effect in ‘marginal’ patients

» Marginal patients are those whose treatment
status is influenced by the instrumental variable

» In an RCT with non-compliance, IV estimates
the average effect of treatment in the “compliers”

Examples of Instruments Used in Non-
Experimental Settings

+ Change in policy, regulation, or guidelines
that create a sharp uptake in use of
treatment

+ Distance to specialty care providers

+ Variation in medical practice across
regions, hospitals, physicians —
“preference-based”

CHEGINAL ARIIULE

Bvaluating Short-Tern Drug Effects Using a Physician-
Specific Prescribing Preference as an Instrumental Variable

AE Afex Brovkan, Philin S, Wong Faniel 8, Solomen, and Schaviton Sehnassveiss

» NSAID prescribing is driven strongly by MD
preference (Solomon DH, et. al. 2003)

« Implication: Some patients would be treated with
new drugs by some physicians and with older
drugs by others

- Differences in medication prescribing patterns is
the natural experiment that we exploit

Patient’s Gl Risk

Low Moderate
Lt @
“Marginal Patient”
~———— NS NSAID COXiB COXiB
COX-2 Preferring Physician
———— NS NSAID NS NSAID COXIB

NS NSAID Preferring Physician

Treatment Treatment = ?

Index Patient’s IV is

@ Previous Patient's Treatment o
< s
& &

Previous Patient Index Patient

Treated with NSAIDs

Time




Instrument should be related to treatment

NSAID Current Prescription
Preference (Actual Treatment)
(V) Coxib Non-Selective NSAID
X=1 X=0
Coxib (73%) (27%)
z=1
Non-Selective NSAID (50%) (50%)
z=0

Instrument should be unrelated to observed
patient risk factors

Variable Patients of Coxib Patients of NS
Preferring Docs NSAID Preferring
Docs
7=1 Z=0
Female Gender 84% 84%
Age>75 73% 72%
Charlson Score > 1 75% 73%
History of Hospitalization 29% 27%
History of Warfarin Use 12% 10%
History of Peptic Ulcer Disease 3% 3%
History of Gl Bleeding 1% 1%
Concomitant Gl drug use 5% 5%
History Gl drug use (e.g., PPls) 25% 24%
History of Rheumatoid Arthritis 4% 4%
History of Osteoarthritis 45% 41%

IV estimate of the effect of coxib exposure on
Gl outcome

-0.21%
= = -0.92%
22.8%

E[Y|Z=1]-E[Y|Z=0]

E[X|Z=1]-E[X|Z=0]

95% CI (-1.75, 0.10%)

« Numerator is the intention to freat (ITT) estimate of the risk difference

» Denominator is estimate of the effect of the instrument on treatment
on the risk difference scale

Strengths and Limitations of Instrumental
Variable Methods

« IV may address unobserved confounding

* IV methods are often statistically inefficient

« 1V could result in highly biased estimate if
assumptions aren’t met

— Differences in patient case-mix
— Differences in medical practice or case-mix
+ Vs are difficult to find

Propensity Score vs Instrumental Variables

» Ultimately we cannot know which method is
correct (each depends on assumptions that are
not testable)

* We must use subject matter information and
good judgment

« If there is little confounding, PS methods are

certainly preferable

If there is very strong unmeasured confounding

and a good instrumental variable is available, IV

methods may be preferable

» In some examples, PS and IV methods agree.

Thank you




Quality-Driven Investigator-Initiated
Clinical Research
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Assistant Director :
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"' Académic Reseéfch Organizaﬁon :

“»* Academic focus / Uvniversity based
« Collaborative group of investigators (atypical of academic model) .
- “Provide scientific leadership in the conduct of clinical research
+ Advanced clinical research methadology
“» True patient connection
« - Clinical research
« - Research: A systematic evaluauon to develop generalizable knowledge
' Clinical Research: Research involving human participants

High quamy of data
- Bestin-class statistics and quantitative scierice
+  Operational capability
<. ‘Shared resource {atypical of academ:c model)
= =Focus on knowledge dlssemmahon through pubhcatxons and hsgh impact
presentation venues

T‘o‘pvivcs o

An ARO Model
= Investigator-Initiated Clinical Trial
Quality Assurance Model .
: Data Integrity
Principals of GCP
Quality System

Puke CUinical Research Institute
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Visionary Leacéersh;p

1969 Founding of the Duke Databank for Cardlovascular Diseases
1970s Observational research .
1980s Coordination of multi-center clinical trials in cardiélégy

Duke Global Heaith Institute

1990s Extensive expenence in coordmatmg Iarge globat multicenter -

clinical trials

2000s Therapeutic dtverstﬁcaho clinical tna! networks publlc-
private partnerships, relationships with professional societies

pul C(xmca Resen hlnnn:m:e

g Duke Clinical Research Institute




acm Facls o - L 'DCRI - Global Clinical Research Locations
Founded in 1969 wuth the development of the Duke
Databank for Cardiovascular. Diseases
20+ years of coordinatlng multi-center trials
s More than 1100 employees, mcludlng >220 faculty

More than 6,500 pubhcatlons in peer—rev;ewed
journals

More than 760 phase - lV clinical trials; regxstnes
outcomes, and health economlc research pro;ects
in 65 countries

« Collaborated with over 5000 mvestlgators
= Enrolled more than 1.27 million patients

Dw&(:hmcal Rese&m’h mstxmte imia : : mxkeCmmal Researchlnsmute D Rltnalscmiduqxsdlnvﬁtﬂiumri%"

' Spénscr

A person who takes res onsnblhty for
. S v . and initiates a clinical mvestlgatlon
Investigator-Initiated Clinical Trial ' may be an individual or company,

government agency, academic
institution, private orgamzanon or
other orgamzatlon

Duke Clini

e

Respanssbllstlescf Sponsar : . :"lﬁvestig]atar

= Sponsors are responsible for:
selectmg quahﬁed investigators
providing them with the information they need to conduct an

investigation properly . . : An mdlvxdual who actually conducts a
ensunng proper momtormg of the mvestrgat)on(s) - i ; Chnlcal anGStlgatlon ( ’e under Whose

ensuring that the investigation(s) is conducted in accordance ; :

with the general mvesngatlonal plan and protocols con(amed in. - |mmed|a’[e d"‘ecuon the d[‘ug [S .

the IND . . :

malntammg an effective IND. with respect to the |nvestxgatl9ns : admln‘Stered Or dlSpenSGd tO SUbJeCt)

ensuring that FDA and all parhcnpatmg investigators are
. promptly informed of significant new adverse eﬁects or nsks
; wﬁh respect to'the dmg .

Duske Clinical Research Institute . . . BukzClmxcalftesearchinstxzute -
e s . : , . ; .

w Duke Clinical Research Institute



:‘:ﬁespbﬁsib%iiﬁesh‘f §f§ve5’tigaﬁor - . “ v>890ﬁsof-investigamr‘

= An investigatoris responsible for: ’ = Individual who both initiates and conducts an
+ ensuring that an'inve'stigation is conducted » investigation, and under whose immediate direction

according to the signed investigator statement, the investigational drug is administered or

the investigational plan, and applicable dispensed.

regulations I - 21 CFR 312
protecting the rights, safety, and welfare of - '
subjects under the investigator's care

« control of drugs under investigation = Sponsor-investigator has all the responsibilities of

sponsor and investigators

CFR1Z.60 General resporsibilitics of investigators

Instiite

Potsn&iai Risks

Sponsorship
= [nadequate resources
Lack of planning
False claim based on bad data
Subject safety
Legal issues from non-compliance

Quality Assurance Models .

uke Clinical Resparch Institute ' g Buke Clinical Research institute

Quality Assurance Approach

Clinical Trials Quality*

~ The drug development process relies on an unbroken “Quality in research is comprised of a wide range of elemenits. Such

- _chain of evidence through processes and data. v elements include a scientifically valid protocol, meaningful informed
. ; e : : : consent, appropriate attention to patient safety, complete and accurate

g i : : v . recording of results, proper performance of tests and evaluations, and

- ¢ Clinical Investlgator » . ; appropriate record verification and retention’. v

L @ : In this way we protect the: : .
; _ Regulator ’ . = . Patient Safety 5 .

- ; - 3 - : . = - Data Integrity - Data-based decisions drive the medical product

o . - . _ Health Professiona : development industry and are essential to protect the public
‘ ; e : 5 - e hoalth: e g i e ; v ‘ . i .
. DIA&EDARssentatonduhe ..~ Patient ‘

| 2005, Woodcock, Fendt&Miles = . . . “Concept Paper: Quality in FDA-Regulated Clinical Research’, FDA (4/07)

U Duke Clinical Research Institute



Qﬁaéity Assurance .,

The systematic and independent

examination of all trial-related
activities and documents.

Bulke Clinical Research Institute
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. Why Quality Assurance? '

= Investigator Violations
«: - Enrolled ineligible subjects

Enroliment exceeded protocol or IRB fimit
Did not condtict required evaluatlons (related to safety assessments)
Violated clinical hold
Submitted false information to the sponsor
Failed to-follow protacol requirements:
Inadequate case histories
Discrepancies between source records and CRF
Inadequate drug/device accountability records
Failure to retain recards
Failure to notify the IRB of adverse events
Lack of supporting raw data for CRF entries’
Failure fo report adverse vents to the sponsor

 Duke Clini

[ e g omciaiy

 Datalntegrity

Quaiéiﬁi Control and Quality Assurance

Du&e Clinical Research institute

 frm i ek e St e

Why Qﬁa_ﬁiy Assurance?

= Sponsor Violations
Clinicians used unapproved product without IND
Sponsor shipped product to sites not named in IND

Failed to monitor progress of study/did not obtain information
from sites
s Failed to report adverse events to FDA under the IND

T8 CBER, Gt

Duke Clin

Srow Dot taason

Why Quality Assurance?

To bring the conduct of the clinical
research to a State of Control from
both aspects of Quality and
Compliance

Data Quality - Paper CRF

St Domain

Duke Clinical Research Institute



Data Quality - E{}C e - Practices that Produce “Bad Data” v
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' Pz*acﬁms fh'a% Produce “Bad Data”
v — - “i P T Vo
Diovan Data Was Fabricated, Say
Japanese Health Minister And
University Officials
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3 wus fabiricated. Un Tharsday afficials st Kyote 5 o s ednion
rwof Mediciee sald  patieny vecards bean vised In ’
thede odinaty,” the Kvoto Heart Stedy “would bove fnd wdiffersut
condhivien” reported SFR.
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“No Qontrqi” 35‘?\%&3& an Option

- Risk-based control model

Duke C{mmal R arch lnsmuta
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Principles of GCP

esearch Institute
ittt

Pé‘s’vmipbﬁe'rs Vafv GCP_ '

: ‘x 24 Thé a\)éilablé nonclinical and clinical
information on an investigational product should be
adequate to support the proposed clinical trial.

525 Chmcal trials should be sc&entnﬂcatly sound, and
described ina. cfear detailed protocol.

m 2 6 A trial should be conducted ompliance with

the protocol and IRB

s 2.7 The medical care glven 1o, and medical
decisions made on behalf of, subjects should

‘always be the responsibility of a qualified physiéian‘.

Researchinatitute

‘Why GCP Is Important?

s Because:
« The rights, safety and well-being of
subjects should be protected

The clinical trial data should be
credible

Buke Clinical 8959&. ch Institute

Principles of GCP

= 2.1 Clinical trials should be conducted in
accordance with the ethical principles that have
their origin in the Declaration of Helsinki; and that
are consistent with GCP and the apphcabfe '
regulatory requirement(s).

= 2.2 A trial should be initiated and continued only if
the anticipated benefits justify the risks.

= 2.3 The rights, safety, and well-being of the trial
subjects are the most important considerations and
should prevail over interests of science and society.

esearnh institute
i

Principles of GCP

“w 2.8 Each individual involved in conducting a trial
should be qualified by education, training, and -
experience to‘perform his or her r'especﬁve task(s).

“m 2.9 Freely, given mformed consent should be
- obtained from every subject prior to chmcal trxa!
' participation.

= 2.10 All clinical trial information should be recorded,
handled, and stored in a way that allows its
- accurate reporting, interpretation, and verification.

Dudes Clinical Research Institute
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