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Big data: Large scale retrospective study
- Bias control by matching and weighting
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* Prospective random study

e Multi- or single center prospective registry
— PCl registry, HF registry, RFCA registry
e Retrospective study

— B2 EMRZ 0| & ¢t single center retrospective study
- B 2|7 BlO|0|E, H 10| O|E{ & O| Z €t large scale
retrospective study
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e Epidemiologic study
— incidence, prevalence, cost effectiveness, Etc.

e Risk factor Study
— Risk factors for disease occurrence
— Risk factors for disease prognosis

e Treatment effect study
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Treatment effect study (x| 2 & 1}

e Prospective random control study - Golden standard
- x| & & g2 X[ ZX|of| . & random
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Mimics of Randomized Clinical Trial

Randomized Clinical Trial Observational clinical research

: | * Initiator of treatment
Study design : |« Active-comparator design
: | * New-users design, Etc.

] Enroll t with inclusi Inclusion / exclusion criteria
Target population Arofiment wWith inciusion target population
/ exclusion criteria :
: | Propensity methods

.. * Propensity matching  |[......... Equipoise "

. | * propensity score weighting
Covariate balance Randomization v IPTW = trimming
v" Overlap Weighting

-----------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------

Doubly robust Falsification
Precision Outcome : *'
analysis Outcome LS
analysis

Pre-design for potential
bias minimizing
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Potential bias (1) : Uncontrollable initiator of treatment
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Potential bias (2) : Try to make “Active comparator design”

Active comparator design
v’ Identifying initiators of the treatment of interest and initiators of an alternative treatment for

the same indication.
v" Restricting study population to patients with the same indication for treatment and without

contraindications

Etanercept » RA progression

No remission ___ TNEi Active-comparator design: X2 892 =ZH0| A FH

(e.g., DAS > 5) no confounding by indication (DAS) Cl2 = x| 29| H|m o 7
DMARD Infliximab * RA progression (non-active comparator

MTX i = StX| 8+ X
(MTX) m— g design)—= StX| ZAL,
confounding by indication (DAS)
Remission —+No TNFi » RA progression

Rheumatology 2020;59:1425
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Potential bias (3) : Prevalent user related bias, Immortal time bias

Try to make “New-user design”

e New-user design
— ldentifies all patients initiating specific treatment in a defined population after a certain length

of time free of the treatment (washout period)
— Solves issues of prevalent user related bias and immortal time bias

— New users do not necessarily need to be drug naive: they are only required to be naive for the
treatments compared during the wash-out period (eg, one year)

B First fprescription Last First prescription
Database start/ ofdrug Aor B prescription Discontinuation of drug Aor B = -
enroliment start indey date ofdrugAorB  date® index date Database AI &FE index
5 : dateS = 31X LT
1 1* continuous new 2™ continuous new x (@) Xlol = ;
. — X2 A
l R : use period? | _— | use period l I C|>_I E_ Exmdex
| Ws ' j i ' : —
| supply + | Wash-out period: : ' supply+ | Wash-out period: date2 = OI- I-'
| grace | nouseofdrugA : | grace | MouseofdrugA
. period 1 B : . period i orB
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Potential bias (4) : Considering treatment changes after initiation

As-treated analysis = per-protocol analysis in RCT

* Advantage: It considers periods at actual risk due to the treatment.

* Disadvantage: Censoring patients stopping the initial treatment can introduce selection bias
because changing treatments is usually due to a lack of effectiveness or side effects that are very

likely to affect outcome risk. patabasestart/ Index Change of — End of
enrollment start date Lag period prescription  Lag period study

| A | I

1 ¥

| Induction Latent I Carry-over Latent I

| period period period period |

" 1% continuous new use period y

| 1

l ]

Baseline period: I Follow-up period:
obtain covariates outcome assessment
Initial-treatment analysis = intent-to-treat analysis analysis in RCT

* Advantage: it protects against selection bias introduced by conditioning on continuous treatment.
 Disadvantage: It introduces bias due to increasing misclassification of exposure of treatment.

Database start / Index Change of End of
enrollment start date  Lagperiod prescription study
| 1
\
| Induction Latent |
| period period .
; 1** continuous new use period
: Baseline period: I Follow-up for a predefined length of time®: f
Rheumatology 2020:59:1425 obtain covariates outcome assessment
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Target population: exclusion

Patients newly diagnosed with AF from 2010 through 2017 in CDARS
(n =83153)

Excluded (n = 59 354)

Missing date of birth or sex: 5

Aged <18 y: 54

Died at first AF occurrence: 5808

Transient AF: 3357

Valvular disease: 5058

Did not receive apixaban, dabigatran, rivaroxaban, or
warfarin during follow-up: 41151

Received oral anticoagulant within 180 d before index
date: 3876

Had prescription record of other oral anticoagulants on index
date: 45

197436 AF patients with a prescription of NOAC or warfarin
in the Korean Mational Health Insurance Service database
during the period from January 2013 to December 2016

4
New oral anticoagulant users (n = 23799)
Apixaban: 3284
Dabigatran: 6945
Rivaroxaban: 3908
Warfarin: 9662

Excluded (n = 284)
Bone tumors (dabigatran: 4; warfarin: 2)
Epilepsy or history of seizure (apixaban: 43; dabigatran: 71;
rivaroxaban: 40; warfarin: 115)
Use of hormone replacement therapy (dabigatran: 3;
rivaroxaban: 2; warfarin: 4)

Y

Excluded (M =123802)

- Walvular AF (M = 8648)

- OAC use prior to AF diagnosis (N = 26184)

- DAC prescription less than 30 days (N = 22835)

- Undergone RFCA (N = 5607)

- End-stage renal disease (N = 933)

- Prescribed edoxahan (N = 92439)

- Aged under 50 years (N = 4331)

- Prior experience with any OAC (N = 33207)
- Prior diagnosis of dementia (N = 3262)

- Unapproved NOAC dosage forms for prevention of AF-related stroke (N = 4188)

73634
dabigatra

non-vakular AF patients aged =30 years with a first prescription of
n, rivaroxaban, apiaban, or warfarin and no prior dementia diagnosis

New oral anticoagulant users included in the propensity score weighting
analyses (n = 23 515)

Apixaban: 3241

Dabigatran: 6867

Rivaroxaban: 3866

Warfarin: 9541)

Ann Intern Med. 2020

Excluded (N = 20398)

- Dementia occurred (M = 21584) | 180-day blanking period

- Death occurred (N = 3586)
- Switch to other OAC (N = 2404)
- End of stuchy period (December 31, 2016) (N = 12214

-

53236 Included |

o o

2
il

g683 24553
DAC Warfarin
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Propensity methods

e Propensity methods
e Large-scale Propensity score
* High-dimensional propensity score
PS matching vs. PS weighting
- Propensity score matching
_ propensity score weighting
v'Inverse probability of treatment weighting (IPTW) = trimming
v IPTW with stabilized weights
v Entropy balance weighting
v'Overlap Weighting
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PS matching vs. PS weighting

Primary study
analysis method

CENTRAL ILLUSTRATION Comparison of Propensity Score Methods and Covariate Adjustment

Traditional « Performed well

covariate adjustment  , poyides prognostic model for outcome
of interest

Propensity score (PS) - Retains data from all study participants

stratification » Opportunity to explore interactions

between treatment and PS on outcome risk
« Provides effect estimates for every stratum

» May not be suitable with many covariates
in smaller studies

+ Performs less well in datasets with few
outcomes, particularly when the number
of strata is large

+ May not account for strong confounding

PS matching * Reliable; provides excellent covariate
balance in most circumstances
« Simple to analyze, present and interpret
PS inverse « Retains data from all study participants

probability weighting Easy to implement

« Creates a pseudo population with perfect
covariate balance

» Some patients are unmatched leading to
information excluded from the analysis

» Less precise

+ Can be unstable when extreme weights
occur

PS covariate * Performed well

adjustment (use of
PS as a covariate)

+ Adding the PS as an additional covariate
produced results very similar (and not
necessarily superior) to traditional
covariate adjustment

J Am Coll Cardiol. 2017:69(3):345-57.
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Target population: Propensity Score matching can distor Target Populations

e Target population in RCT:

— depends on inclusion, exclusion criteria, and patients recruitment

e Target population in observational study:

E Unadjusted sample
25+

— depends on inclusion, exclusion criteria, and choice of propensity score method.
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PS weighting can be unstable when extreme weights occur

Composite outcome Warfarin = Apixaban = Dabigatran Rivaroxaban Composits cutcome D Apoxaban Disbigutesin Shrmnascan
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Try to overcome limitations of PS methods : trimming

 propensity score weighting
v’ Inverse probability of treatment weighting (IPTW) £ trimming
v IPTW with stabilized weights
v’ Entropy balance weighting
v Overlap Weighting

Untreated

Trim
(highest percentiles
of untreated)

Trim
(lowest percentiles

of treated)
[

Density

Trimming both tails of the overlapping
propensity score distribution will remove
some of the patients treated contrary to
prediction and thus tend to reduce
unmeasured confounding.

0 Propensity score

Schematic of asymmetric propensity score trimming
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Try to overcome limitations of PS methods : Overlap Weighting

Overlap PS weighting

The overlap weight was calculated as 1 - propensity score for the treatment
patients (treatment group), and the propensity score for the control patients
(control group). This weight is used to calculate the average treatment effect
for the overlap population. This approach minimizes the asymptotic variance of
the treatment effect, while also possessing a desirable exact balance property.

Inverse probability of treatment (IPT) propensity-score weighting

We assigned patients who underwent “treatment A” a weight of 1/(propensity
score) (treatment group) and those who underwent “treatment B” a weight of
1/(1-propensity score) (control group). To reduce the variability in the inverse
probability of treatment— weighted models, we used stabilized weights.
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Falsification outcome

) ) Risk of 35 falsification endpoints for propensity-
Comparison of Transradial Versus Transfemoral matched patients

Percutaneous Coronary Intervention in Routine Practice
No effect (HR=1)

JACC. Volume 62, Issue 22, December 2013

Hazard ratio

. . . 0.014
Evidence for the Importance of “Falsification Hypotheses”
in Observational Studies of Comparative Effectiveness
Method 1: Logistic Regression Odds ratio (95% Cl)
Primary hypothesis: Access site bleeding " & . 0.16 (0.05, 0.52) P=0.05
Falsification hypothesis: Non-access site bleeding PN — 0.48 (0.26, 0.86) .
]
Method 2: 1:1 Matching = ]
Primary hypothesis: Access site bleeding - & 8 0.20(0.04,0.71) g 015 o
Falsification hypothesis: Non-access site bleeding —a— 0.44 (0.20, 0.93) o o
[ ]
Method 3: IPTW L] P
Primary hypothesis: Access site bleeding * = 0.07 (0.02,0.22)
Falsification hypothesis: Non-access site bleeding = 0.46 (0.25, 0.84) .
[ ]
Data from RIFLE STEACS randomized trial® e o
Primary hypothesis: Access site bleeding e L& = 0.34(0.16, 0.68) .
Falsification hypothesis: Non-access site bleeding * 0.96(0.53, 1.74) ; o |°
0.01 0.1 1 10 100 ] '.15"
Odds ratio of bleeding with transradial vs. transfemoral 1.0 T ) T 1
0.25 0.5 1 2 4

% CHA UNIVERSITY

Christaianity

7ISRE 0l el Fil

@m Humanism
Bl czscay

A Academia

oime} i) FA



Al ==

@ E S C European Heart Journal (2019) 40, 1257-1264 FASTTRACK CLINICAL RESEARCH

European Society  4oi:10.1093/eurheartj/ehz085 Atrial fibrillation
of Cardiology

Atrial fibrillation ablation in practice: assessing
CABANA generalizability

Peter A. Noseworthy"z*, Bernard ). Gershz, David M. Kent3’4, Jonathan P. Piccinis,
Douglas L. Packer?, Nilay D. Shah'%7, and Xiaoxi Yao'®

Propensity score overlap weighting was used to account for the differ-
ences in baseline characteristics between patients who underwent abla-
tion and those who were treated with medical therapy alone.
A propensity score, the probability of undergoing ablation, was estimated
using logistic regression based on socio-demographics, medical history,
concurrent medication use, previous treatment with AADs or rate con-
trol drugs, the year of the index date, and the length of baseline period
(variables in Supplementary material online, Table S3). The distribution of
propensity scores is shown in Supplementary material online, Figure S2.
The overlap weight was calculated as 1 - propensity score for the ablated
patients, and the propensity score for the drug-treated patients. This
weight is used to calculate the average treatment effect for the overlap
population. This approach minimizes the asymptotic variance of the treat-
ment effect, while also possessing a desirable exact balance pro|:>erty.18

Sensitivity analyses

First, we performed subgroup analyses for the primary outcome stratified
by age, sex, race, CHA,;DS,-VASc, hypertension with left ventricular
hypertrophy, heart failure, cardiomyopathy, sleep apnoea, and prior
thromboembolism. Second, one-to-one propensity score matching was
used instead of propensity score weighting. Third, we conducted a strati-
fied analysis based on whether the drug-treated patients were treated
with AADs or with rate control drugs only. Fourth, we conducted a
stratified analysis based on the medication adherence in the drug-treated
patients. Fifth, we explored the impact of potential protocol deviation in
the trial on the treatment effect, assuming 30% of the medical therapy co-
hort crossed over to the ablation cohort and 10% of the ablation cohort
did not receive the procedu.n*e.13

We assessed residual confounding using two methods. First, we tested
three falsification endpoints that are unlikely to be a result of ablation but
might be related to unmeasured confounders such as frailty: chronic ob-
structive pulmonary disease, pneumonia, and fracture.?' Second, we used
the method outlined by Lin et al.” to assess whether the observed differ-
ence could be fully explained by an unmeasured confounder.

A two-sided P-value of <0.05 was considered to indicate statistical sig-
nificance. No adjustment for multiple testing was performed. All the anal-
yses except those related to the primary outcome were considered to
be exploratory.
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Review > J Am Coll Cardiol. 2017 Jan 24;69(3):345-357. doi: 10.1016/j.jacc.2016.10.060.

Comparison of Propensity Score Methods and
Covariate Adjustment: Evaluation in 4 Cardiovascular
Studies

3

) 5 o : 5 .
Markus C Elze 1, John Gregson <, Usman Baber *, Elizabeth Williamson <, Samantha Sartor

, Roxana Mehran 3, Melissa Nichols 4 Gregg W Stone 4, Stuart J Pocock ?

JAMA Guide to Statistics and Methods

January 10, 2020

Using Propensity Score Methods to Create Target
Populations in Observational Clinical Research

Laine Thomas, PhD'; Fan Li, PhDZ; Michael Pencina, PhD3
» Author Affiliations | Article Information

JAMA. 2020;323(5):466-467. doi:10.1001/jama.2019.21558

> JAMA. 2013 Jan 16;309(3):241-2. doi: 10.1001/jama.2012.96867.

Prespecified falsification end points: can they
validate true observational associations?

Vinay Prasad ', Anupam B Jena

RH E U MATO LOGY Rheumatology 2020;59:14-25

doi:10.1093/rheumatology/kez320

Real World Data: special section

Methodological considerations when analysing and
interpreting real-world data

Til Stiirmer ®', Tiansheng Wang’, Yvonne M. Golightly'>3#4, Alex Keil',
Jennifer L. Lund’ and Michele Jonsson Funk'

> JAMA. 2020 May 5. doi: 10.1001/jama.2020.7819. Online ahead of print.

Overlap Weighting: A Propensity Score Method That
Mimics Attributes of a Randomized Clinical Trial

) 5 5 " " 5
Laine E Thomas ' 2, Fan Li 2 . Michael J Pencina il 2
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