Large Scale Penalized Regression for
Propensity Score Estimation in

Observational Health Care Data



HDPS*

|
Molecular Physiology and Interaction with Pharmaceutical] i3ims data
actions clinical symptoms Health care system  Intervention |
1
Molecular pathology I
T, Pathophysiology I
Clinical symptoms
I
Health care encounter: Recording & cogling Service
dlagnnms,tes.ts.,{iedures I claims
Prescribing of a drug I
~ :
Filling of prescrlptlﬂl_. Phammacy
Use of g — claims —]
o medication —
Receptor binding, Pharmacokinetics / — s 3
sblacilas Setion Pharmacodynamics ] (q)
" ___,.-—"’"—-’

Change in clinical

symptoms l
7 R \‘ Recording & cciding Service

. Health care encounter:
diagnosis, tests, procedures I claims
Prescribing of a drug |
k\‘*-t I
Filling of prescription Pharmacy Y
—_— claims

2

*Schneeweiss &al. High-dimensional Propensity Score Adjustment in Studies of Treatment Effects Using Health Care Claims Data



1. Specify data sources:
Dafine p data dimension g usa data steam of 180 days up tothe initialion of study
exposure. This includ es diagnoses on the day of initiation but no drugs or procedures Inves gator
on tha day of initlation. Exclude selected codes from covanate adjustment. specified covanates
Basecase p=8

Age, Sex, 1ae,

MC Part A* MC Partd | MC PadA  MCPartA  MC PatA  PatB  PartB  Drugs year
HospOx | Hospproc . AmbDx | Ambproc  Nurse Home — Dx Proc | qeneric
(ICD9) (ICD-9) (ICD-9) (ICD9) (ICD-9) | (ICD-8) (CPT-4) entities

Hx, Dx, Rx, Procs

"MC = Medicare, Hotp = hasgitd, Amb = arbustery, Dx = disgnasis, prc = procedune, fx = precig§an dispensings

|

2, Idantify empirical candidate covariates

Within @ach data dimension sor by presalance of codes. Kentify the i most prevalent codes.
Base case: n= 200; Granularity = 3 digit ICD-8, 5digit CPT, genaric drug nama.

|

For each idantified code create three covanates:

Cav¥_once =1 if that cod @ appeared al least once within 180 days,
Cav¥_sporadic = 1 if coda appeared at lsast more than tha median,
Cav¥_fraquant = 1 if code appeared at least mora than the 75" percan tile.

|

Within each data dimension calculate for each covanate the possible amount of confounding it

could adjust in a multiplicative model given a binary exposure and outcome afler adjusting for

demographic covariales:
— PRR.=T+1

Bigs g = m ifRRm=1,

3. Assess recurrence

4. Prioritize covariates

Pl -1)+1
Pl - 11

I

Add d demagraphic covanates from stap 1 and | pradafined covariates in tha lop positions.
Salact top k empincal covarates from stap 4. Optional, include mulliplicative 2-way interaclions
for o demographic and | pred efined covanates with the top 20 empincal covariates.

Base case: o = 4 (age, sex, raca, year), | = 14; k= 500

|

6. Estimate exposure propansity score

otherwise. Sort in descending order.

5. Select covariates

Estimate propansily score using multivanate logistic regression, including all d + 1+ k
covanates and form propensity score dacilas.

I

Estimate axposure-oulcoma association adjusted for propensily score daciles as well as PS
waighted.

7. Estimate outcome modal
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Ridge logistic regression®

« Maximum likelihood
e and restrictions on coefficients:

> <

Jj=1

*Hoerl and Kennard (1970).



Lasso”

« Maximum likelihood
* and restrictions on coefficients:

P
Z‘ﬁj‘ﬁs
j=1

* Does subset selection by shrinking some
coefficients to zero

*Tibshirani (1996)



Bayesian Regression®

» Two shrinkage methods
— Ridge regression - Gaussian prior
p(5;| tau) ~ N (0, tau)
— Lasso regression - Laplace prior
p(G|A4) =412 exp{- 1|4]}
» Choosing hyperparameter 4

— Decide how much to shrink
— Cross-validation: choose prior to fit left-out data

*Genkin, Lewis, Madigan, (2007) Large-scale Bayesian logistic regression for text categorization - Technometrics



Drug: Sertraline
Outcome: Upper Gl Bleeding
Comparator drug: Bupropion

Databases tested: MSLR, MDCR, GE, MDCD, CCAE

Exposure and outcome

Database Comparato | Target, Comparato | Target,
1, No No outcome | r, Outcome | Outcome
outcome
MSLR 16743 12599 110 122
MDCR 43267 95123 736 2779
MDCD 130337 146143 1260 1877
GE 115640 200985 300 736
CCAE 611451 486963 4194 3913




MSLR cohorts

M S L R . Comparator Target
Age, mean +/- SD 41.82 +/- 12.84 39.33 +/- 15.24
Male, N (%) 4747 (28.17%) 3381 (26.58%)
Visits, mean +/- 712 +/-7.73 7.33 +/- 8.30
SD
Drugs, mean +/- 8.27 +/- 6.84 6.91 +/- 6.10
SD
Procedures, mean 14.22 +/- 14.51 15.04 +/- 16.40
+/- SD
Charlson index, 0.73 +/- 1.50 0.69 +/- 1.57
mean +/- SD

We also consider top 20 procedures, top 20 drugs, and top 20 conditions.



CCAE cohorts

Comparator Target
Age, mean +/- SD 42.52 +/- 12.66 39.29 +/- 14.68
Male, N (%) 217322 (35.30%) 152696 (31.11%)
Visits, mean +/- SD 6.79 +/- 7.85 7.10 +/- 8.34
Drugs, mean +/- SD 6.49 +/- 5.85 6.08 +/- 5.76
Procedures, mean +/- SD | 10.46 +/- 11.27 11.40 +/- 13.09
Charlson index, mean +/- | 0.53 +/- 1.23 0.57 +/- 1.40
SD

We also consider top 20 procedures, top 20 drugs, and top 20 conditions.



Model for propensity score

MSLR: includes more than 10000
covariates; all drugs, conditions,
procedures, and also indicator variables
for gender, age (8 age groups), and
number of visits, drugs, conditions,
Charlson cormobidity index.

CCAE: around 20000 covariates



LR vs. HDPS scatterplots
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ty estimations
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Balancing strategies

Stratification on propensity score

Matching on propensity score

Covariate adjustment using propensity score
Inverse probability of treatment weighting



Assessing Balance

True propensity score is a balancing score (Rosenbaum, Rubin
(1983).

Assessing balance: significance testing or standardized differences
Standardized differences

For continuous covariates: For dichotomous covariates:

d = d =

N N

Pr— Pc

S721+Sé N N N N
PT(I_PT)+PC(1_PC)
2
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Balancing diagnostics

CCAE

MSLR
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Orig: non-matched data
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MORE DATA
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Estimates
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1: unadjusted, 2: BLR -MH, 3: H200 -MH, 4: H500 - MH, 5: BLR -PS 5 strata, 6: H200 - PS 5 strata, 7:
H500 - PS 5 strata, 8: BLR - PS covariate, 9: H200 - PS covariate, 10. H500 - PS covariate.
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Conclusions and future steps

Large scale penalized regression shows similar or
superior performance in balancing covariates

BLR model utilizes all available covariate information
and can handle thousands of variables

Potentially balances on very large number of covariates
Double robust estimations
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