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Preliminaries 2) Implement GPS matching approach
(1) Estimate GPS assuming T;|X; ~ N(X; B, 0%g%(u;, z; , 0))

Annotation . 1 (1:=X{ B)"(Ti—-X{ B)
X : Covariate Propensity score R; J2mo’g®(u,,z;,0) exp( 20%9%(u,,z;,0) )
e T . Treatment (2) Select parameters (A, 0) minimizing covariate balance through grid search

(8) Match individuals based on one of proposed caliper metric matching methods

Parametric Generalized Propensity Score Model
* T;|X; ~ N(X; B, 0%) <Proposed Method 1>

1 (Ti=X{ B)"(Ti=X{ B)
V2mo? €Xp ( 202 )

Caliper Metric Matching?!)

* Propensity score R; =

Mm.ps(e,w) = argmin H (avj‘,ﬁwj*, (1—a-— ,B)(Wj,Xj)) — (av*, pw*, (1 —a — B)e™)
jiwj € [w—=6,w + 4]

M ps(e,w) = argmin”(/le ' (Wj, Xj), (1-Dw; *) — (e, (1-Dw))
jiw; € [w—8,w + 6]

<Proposed Method 2>

* W; :jth standardized treatment d; = lo2g(u,z,0) — o2g (‘uj Z;, 0)|
. e*(wj*, X j) : Standardized propensity score with jth treatment & jth covariate '
* 0 : Caliper parameter M ps(e,w) = argminH(Ae ' (Wj, Xj), (1= Dw; *) — (e, (1 =Dw)H)| for d <y

* A:Scale parameter between 0 & 1 jiwj € [w—8,w + 8]

Covariate Balance (Global Measure)V X
(4) Impute ¥ ;(w) = yobs .4 forj=1,..,N for all predetermined treatment levels w.

Lo (5) With obtained fi(w) = E {?j(w)}, get a smoothed average causal
Z Z N X Wik | < & treatment-response function
) =1 k1=1
¢ | = W12_6W0 + %‘ where [w®, w'] is range of treatment of interest Settings
* m,; : the number of units within the block [w; — 8, w; + 6] « n = 200, simulation replicates = 100
where {wy =w® +6,...,w; = w® + (2] - 1)6} + Covariate: X; — X, ~ N(0,1,), Xc ~U(=2,2), X, ~ U(=3,3)
1) Wu, X., Meall;, F, Kioumourtzoglou, M.-A., Dominici, F. & Braun, D. * Treatment: 10 + 0.9X; + 1.8X; — 0.9X3 + 0.9X, + 0.9X5 + 0.9X4
(2020), ‘Matching on Generalized Propensity Scores with Continuous * Outcome: Y | W, X~ N{u(W, X), 1.5%}
Exposures’ uWw,X)=15+1.2X, +1.2X, + 1.2X; + 1.2X, + 1.2X: + X,
2) Zhu, Y. Coffman, D. L. & Ghosh, D. (2015), ‘A Boosting Algorithm for +0.1W + 0.1W* + 0.25X,W + 0.1XsW
Estimating Generalized Propensity Scores with Continuous Treatments’, * Variance function : 029 (u;, 2, 0) = 1%(6, X5 + 0,X4 + 651.2X¢)°
Journal of causal inference (04, 05, 03):(0.3,1.2,1.2), (0.4, 1.3, 1.3) ... (1.0, 2.0, 2.0)

+ Absolute Bias : = XM, SX5_, P(w) —YW)|, i=1,..,M

Existence of heteroskedasticity

* Variance of parametric GPS model depends on certain X

1alyS (P _ 2]1/2
* Range of treatment the observation takes varies * MSE: =) l5 s=1{Vs(w) =Y (W)} ]

Region 2

Results

e (Covariate Balance

c.g. Region 1

X : Age, Race, Sex, Reglon ...
. . . Covariate Balance Covariate Balance
T : Air pollution exposure t
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° Iui . f (Xl' ﬁ ) Absolute Correlation Absolute Correlation
* Z;:Subset of X;
. . . 0.3, 1.2, 1.2 0.5, 1.4, 1.4
* 0 : Coefticient(s) ot variance function ( ) ( )
* Graphical methods for defining the form of variance function covariate Balance covariate Balance
%7 o po o Prev X ] OE ? © Frev
o / /E ;" o thethD::l1 : / \\/ o hPﬂethnd1
€.g. X 7] /;C' /“‘ © Method 2 X ] /‘J/T © Method 2
gu; z;,0) =1+ 6z, + 6,z . N/ . 1\ /D
if absolute residuals |r;| & z; shows quadratic form 2 “%\\ <] "“"‘”\‘
3) Carroll, R. J, Ruppert, D., (1988), “Transtormation and Weighting 1n - A/ ) A
Regression’, Chapman and Hall 00 y 02 03 00 01 02 03
. e . 2 3 Absolute Correlation Absolute Correlation
Model Specification & Proposal??3)
(0.7, 1.6, 1.6) (1.0, 2.0, 2.0)
1) Estimating 8 & f8 * Metrics
(1) Obtain LS estimator g, 0 =g k=0 Default (0.3, 1.2, 1.2) (0.4, 1.3, 1.3) (0.5, 1.4, 1.4)
0 M .. Absolute Bias MSE Absolute Bias MSE Absolute Bias MISE
(2) Minimize Prev 7.443 9.016 Prev 9.047 10.600 Prev 7.630 9.353
1 2 M1 7.518 8.637 M1 8.931 9.879 M1 7.602 9.064
i 2TV . g(llj ( B (k)) - 9)5 M2 7.655 8.861 M2 9.403 10.706 M2 8.317 9.864
] j= ) )
(RK)Y ,. (0.6, 1.5, 1.5) (0.7, 1.6, 1.6) (0.8,1.7,1.7)
=1 g(‘ul('g )'Zl ! 9) Absolute Bias MSE Absolute Bias MSE Absolute Bias MSE
Prev 7.595 8.962 Prev 8.482 9.733 Prev 6.896 8.783
¢ bt . é‘ M1 7.416 8.390 M1 8.417 9.079 M1 6.812 7.932
O obtdin . M2 7.565 8.942 M2 8.845 9.949 M2 6.965 8.594
3) Use the estimated welights w; = — — (1.0, 2.0, 2.0)
( ) 5 l gz(,ui(ﬁ(k)),zi,@) Absolute Bias MSE
to obtain f¢y ¢ Prev 8.739 9.768
— (k) _— P M1 8.880 9.520

* Simulation metrics computation with marginal probabilities of treatment &
full range of continuous treatment through kernel smoothing
* Application with heteroskedastic data



