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Background

= Common aim in epi: estimate the “effect” of a particular exposure
on a particular outcome, adjusted for covariates

= Common statistical method: Generalized Linear Model (GLM) for
the outcome
- Estimates through Maximum Likelihood (ML)

Arvid Sjolander 17 november 2011 2



S5 s,

v«; Karolinska
A¢ T 5 Institutet

AWNO 1?1\0

Background, cont’'d

= Sometimes, the outcome model may be difficult to well specify
- High dimensional covariates
- Weak knowledge about outcome mechanism

The exposure effect can also be estimated by using regression
model for the exposure

- Convenient when the exposure mechanisms are well understood
- Estimates through G-estimation
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Background, cont’'d

= Often, no clear preference for either strategy

= Both models can be combined to construct a Doubly Roubust
(DR) estimator for the exposure effect

—> Unbiased if either model is correct, not neccesarily both
- Two chances in one to obtain unbiased estimates

= Theory well developed, but little is implemented.

Arvid Sjolander 2011-11-17 4
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Outline

= Brief review of Generalized Linear Models (GLMs)
= A brief introduction to DR theory for GLMs

=  Qur Stata implementation: drglm
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A simple GLM
A = exposure, Y = outcome, L = covariates

g{E(Y |AL; B, 7)}=BA+)T

g() is a suitable link function, e.g
= Continuous Y — identity link
"Count” (e.g. 0,1,2,3,...) Y —log link
logit link

= Binary (0/1) Y —
The model is completed with a suitable distribution for Y, e.g

| |
= Continuous Y — Normal
= "Count” Y — Poisson
2011-11-17

= Binary Y — Bernoulli

Arvid Sjolander
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Interpretation

g{E(Y | A L; B, 7)) =BA+yTL

B is the conditional (given L) mean difference in Y, when Ais
increased with 1 unit:

p=0{E(Y |[A=a+LL)}-g{E(Y |[A=a L)}
- Losely: the "effect” of A on Y, adjusted for L

= The link function determines the scale
= |dentity link — mean difference
= Log link — (log) mean ratio
= Logit link — (log) odds ratio

Arvid Sjolander 2011-11-17 7
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A closer look at the model

g{E(Y | A L;B,7)}=BA+yTL
= The main model
g{E(Y |A L)f-g{E(Y [A=0,L)}=SA

guantifies the effect of AonY

= The outcome nuisance model

g{E(Y |A=0,L;y)}=y"L

Is primatrily included to adjust for L




5“"’“} !NJ‘)\/ .
S oc Karolinska
% 3 Institutet

4NNO 19

Estimation

1 The ML estimator of (8,¥) (glmin Stata) can be expressed as
the solution to the score equation system

i—1 \ L

i(fj{\ﬁ ~E(Y|A,L;B,7)}=0
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Impact of model misspecification

= Unbiasedness estimate of g even if distributional assumption for
Y is incorrect (but efficiency loss).

* Biased estimate of § if outcome nuisance model
g{E(Y|A =0,L)} =y"Lis incorrect.

= Sometimes, the outcome model may be difficult to well specify
- High dimensional covariates
- Weak knowledge about outcome mechanism

Sometimes easier to specify a model for the exposure
- E.q. when the exposure mechanism is well understood

Arvid Sjolander 2011-11-17 10
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G-estimation

= We can estimate £ with a nuisance model for the exposure.

* The main idea (for identity link):
- If g was known, we could construct residuals Y; — fA;

- Y; — BA; is an unbiased prediction of E(Y|A = 0,L;)
- Given L;, E(Y|A = 0,L;) is a constant, uncorrelated with A;

* This suggests the following estimation strategy:

- find the value of g for which Y; — fA; becomes conditionally
uncorrelated with A;, given L;, in the sample.

Arvid Sjolander 2011-11-17 11
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= Find the value of 8 which solves the equation

n

> A —E(AIL)HY, - pA)=0

=1

» We need a model for E(A|L), e.qg.
hE(A|L;a)}=a"L

which can be fitted using glm in Stata

Arvid Sjolander 2011-11-17 12
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The two equations (identity outcome link)

= ML score equation:

> Al A~ EV [ A=0.Li)}-0

=  (G-estimating equation:

n

> {A -E(A|L;a))(Y, - fA)=0

i=1

= Combined:

n

YA -E(AIL;a)fY, - SA —E(Y |A=0,L;;7)}=0

i=1

Arvid Sjolander 2011-11-17 13
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Doubly robust property

= |t can be shown that the combined estimating equation

n

> {A-E(AIL; )Y, - BA —E(Y |A=0,L;;7)}=0

i=1

produces an estimate of § that is unbiased if either
-> outcome nuisance model correct, or
-> exposure nuisance model correct

* |tis doubly robust!
- Two chances in one to obtain valid inference
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Standard errors

Standard errors must take estimation of all three models into

account.

- Sandwich estimator, or

- Bootstrap

2011-11-17 15
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Other link functions

= The DR estimating equation can be adapted for log links with a
minor modification.

= For logit links, special techniques are required (Tchetgen
Tchetgen et al, 2010).

Arvid Sjolander 2011-11-17 16
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Simulation

= 1000 samples of 100 observations each, from

L=(L.L,), LL1L, L,L, ~N(01
AlL~N| o, +a,L +a,L, +a,L L, 1

iy
Exposure nuisance model

a,=a,=a,=1 «a,=-15

Y|AL~N IBOA+181AL1+7/0+7/1L1+7/2L "’712'-1'-2’1

Main model Outcome nwsance model

[1802151 /31:1’}7/0:7/1:7/2:_1’ 712 =15

Arvid Sjolander 2011-11-17 17
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Stata analysis

drgim ¥ A, main{lLl) outcome(lLl L2 L1L2)

= main model:
E(Y|AL)-E(Y|A=0,L)=B,A+ BAL
= outcome nuisance model:

E(Y[A=0,L;y)=7+nL +7,L, + r,LL,
= exposure nuisance model:

E(A|L;a)=a, +a,,+a,L, +a,LL,

—> Default: exposure model = outcome model

Arvid Sjolander 2011-11-17 18
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Output
E(Y|AL)-E(Y|A=0,L)=8,A+ BAL
B, =15 pf =1
Double Robust Estimator Mumber of ohs = 100
outcome Tink = “ddentity
Exposure 1link = identity
i Coef. std. Err. z P>| 2| [99% Conf. Interwval]
main
ALl 1.46265 1733402 6. 04 0. 000 - 7065244 1.38600%
A 1.515002 -11605%73 13.05 0. 000 1.287534 1.74247

Arvid Sjolander
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Simulation results

= Analyses:
- |: both E(Y|A=0,L) and E(A|L) correct.

= II: E(A|L) misspecified - @, omitted
= lll: E(Y|A=0,L) misspecified - y,, omitted

* Mean estimates:
Bo=1.5 B =1
| I Il | I Il
ML | 1.50 | 1.50 | 0.82 ML | 1.00 | 1.00 | 1.01
G 1.50 | 0.84 | 1.50 G 1.00 | 1.07 | 1.00
DR 1.50 | 1.50 | 1.50 DR 1.00 | 1.00 | 1.00

Arvid Sjolander
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Additional features/options

= The drglm command supports the "xi-notation”

= The most common link functions
- Identity link
- Log link
—> Logit link

= Sandwich standard errors or bootstrap standard errors

=  Works with most common post-estimation commands

Arvid Sjolander 2011-11-17 21



s Nw Karolinska
‘@%Q\, Institutet

Wig 18%

Testing for no association

E(Y|AL)-E(Y|A=0,L)=8,A+BAL

Ho Gy =P =

- testparm A ALl

{ 17 [main]ALl = 0O
{ 27 [main]a = 0

chi2( 20
Frob > chiZ2

2601.17
0. 0000

Arvid Sjolander 2011-11-17 22
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Summary

= Doubly robust estimators are highly attractive, since they give
the resarcher two chances of obtaining unbiased estimates.

=  With the new Stata command drglm, DR estimation in GLMs is
easy and convenient

Arvid Sjolander 2011-11-17 23
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