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Distributed Research Networks (DRNSs)
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Generate evidence from DRNSs

» Benefits:
| * Generalizable findings

'E TIT . - * Larger amount of data (better statistical power)
= - / - N - * Easier to study rare events:
Hospital 1 Hospital 2 — Adverse event from drugs: important in
/ pharmacovigilance and pharmacoepidemiology

— Rare disease: vasculitis in PCORNet

':i' “ » Challenges:

* Protection of patients’ privacy
* Communication-efficient
* Unique challenge in studying rare diseases

Hospital 3

picture from internet . .
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Example: rare adverse effects

» Goal: comparing depression drugs on rare adverse effects using observational healthcare
databases.

» Four databases

* IBM MarketScan Commercial Claims and Encounters (CCAE)
 IBM MarketScan Medicare Supplemental Beneficiaries (MDCR)
 |IBM MarketScan Multi-state Medicaid (MDCD)

 Optum's de-identified Clinformatics Data Mart database

» Comparisons

* Comparison 1: amitriptyline (target treatment) vs. citalopram (comparator treatment) as risk factors for the
occurrence of acute liver injury. There are non-zero counts across all four databases in this comparison.

* Comparison 2: nortriptyline (target treatment) and duloxetine (comparator treatment) for the risk of acute liver injury,
where two databases had zero counts.

* Comparison 3: nortriptyline (target treatment) and venlafaxine (comparator treatment) in terms of the risk of
decreased libido in which two databases had zero counts in the target and highest counts in the comparator cohort.
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Example: rare adverse effects

» A common approach: in each database j

* Apply propensity score stratification to adjust for confounding variables including demographics, prior
conditions, exposures, procedures, measurements, etc.

» Stratified Cox proportional hazard model on each site j
A(t|xl]) — Asj(t)exp(xl-jé?)

where A;(t) is the baseline hazard function of the s-th stratum in j-th site.

» Goal: estimate treatment effect 8 collaboratively using multiple databases

I Y
& Penn Medicine



lll behaved likelihood for rare events

» With few or zero events, the likelihood of a database

7] is ill-behaved.
g. - * Monotone likelihood of Cox regression (Heinze et al., 2001, Nagashima
< etal., 2017)
- h » Meta-analysis can have a substantial bias in this case
8 8 |
£ g
= |
D 4 Key idea h
- (e0]
o
< . o
B Communicate the local likelihood
o of each database and combine
s 4 ' ' : them at a master site

|
-10 -5 0 5 10 k j

Heinze, G., & Schemper, M. (2001). A solution to the problem of monotone likelihood in Cox regression. Biometrics, 57(1), 114-119. @ Penn Medicine
Nagashima, K., & Sato, Y. (2017). Information criteria for Firth's penalized partial likelihood approach in Cox regression models. Statistics in medicine.



Communicate local likelihoods

» Idea 1. communicate local likelihoods on grids (of 8)? Costly!
» Idea 2: approximate local likelihoods with simplified functions and communicate the parameters?

‘ S M M R | Approximation theory

Original Research Article

Statistical Methods in Medical Research
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Quadratic approximation

» Example: second-order Taylor expansion on MLE
Lraytor(8) = L(8)+ VL(8) (6 — 8)+ (6 — 8)"V2L(B)(6 - 6)

relative log-likelihood

» With quadratic approximation on the likelihood function,
the likelihood-based confidence interval /

2 (LTaylor (6)- LTaylor (é))NXZ 3 1
results in a Wald-type CI.

-0.04

-0.06

log-likelihood

-0.08

& Penn Medicine



Padé approximants

#% WIKIPEDIA

oy The Free Encyclopedia

S

\

i= Padé approximant

Article Talk

From Wikipedia, the free encyclopedia

In mathematics, a Padé approximant is the "best" approximation of a

function near a specific point by a rational function of given order. Under

this technique, the approximant's power series agrees with the power
series of the function it is approximating. The technique was developed
around 1890 by Henri Padé, but goes back to Georg Frobenius, who
introduced the idea and investigated the features of rational approximations
of power series.

The Padé approximant often gives better approximation of the function than
truncating its Taylor series, and it may still work where the Taylor series
does not converge. For these reasons Padé approximants are used
extensively in computer calculations. They have also been used as
auxiliary functions in Diophantine approximation and transcendental
number theory, though for sharp results ad hoc methods— in some sense
inspired by the Padé theory— typically replace them. Since Padé
approximant is a rational function, an artificial singular point may occur as
an approximation, but this can be avoided by Borel-Padé analysis.

Q Create account Login eee

XA 17 languages v

Read Edit View history

Henri Padé e
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Pade approximants

» Univariate Padé approximant

Lpaas(8) = 27 a1(B— B) +ax(B—B)*+ -+ am(B— B)"
Padé 1+b1(/8—/8)—|—b2(/6_/3)2+ _'_bn(/B_B)n
Lpaae(B) = L(B)
Lgidé(ﬁ) = LW(B)
Lfa?dé(ﬁ) =L@ (B)

e [2,2]-Padé approximant
Lpaqs(B) =
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Example on rare adverse events revisited

- True Quadratic = Padé

2.5 00 25

N
N\
O

2.5 0.0 2.5

'
N

Relative log-likelihood
. s .
Relative log-likelihood

2 I

Subjects | Events Subjects | Events
Treated 1724 12 Treated 1127 3
Control 184 1 Control 139 0

~
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Fed-Pade algorithm

- In a master site

. u B 5 numbers: g9 = L,(0), gt = LV(@), ..., gt = LY (6)
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Random effects setting

» Effect sizes are i.i.d from normal distribution 9j~N(6,TZ)

» The normal approximation for per-site likelihood is problematic in rare events setting
* Use Padé-approximated per-site likelihood instead of nhormal approximation

e
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Stijnen, T., Hamza, T. H., & Ozdemir, P. (2010). Random effects meta-analysis of event outcome in the framework of the generalized linear . .
mixed model with applications in sparse data. Statistics in medicine, 29(29), 3046-3067. @ Penn Medlcme
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Simulation studies under random effect setting

Meta-analysis # Fed-Padé M Pooled analysis (Gold standard)
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Initial estimate 8 =-0.21
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