- 676 -

i E ARSI 2024 4F 10 J1 45 41 555 5 )

T ST AR % i 160 T4 T AT R R BT

WA AR

[’ E]

B AT 7T SO SRS A A6 1 1 I 20 T B AU AU R (GBM-OW) . ik

R

i i A5

VBRIV R AR N R S A B R W) SC R R IGO0 T, A RREAS &, AN [R) B i) PE PP 0 B P2 JE T GBM-OW BERLAE
PR A R RONAG AR 07 AR B, O 22 DR 3R B R e L = R A ) PR3 20 AR L R A T LU, SRR S5 18
MBHUE AT | AR Z (A G R B AR FEAS R Mt P EE B AR R /NYTE BT, GBM-OW KERIAE 4 J7 354 B4y

fR B, AT T ERAERIE S

[R] WnEITs EFNE T OEmRET
[hES2%ES] RI9LS5 [ EkERiIREE] A

DOI 10.11783/j.issn.1002-3674.2024.05.009

Research of Generalized Boosting Model Combined with Propensity Score

Overlap Weighting

Tu Boxiang, Qin Yingyi, Xu Xiao, et al ( Department of Military Health Statistics, Naval Medical University, Shanghai

200433)

[ Abstract] Objective

This study constructed the generalized boosting model combined with propensity score overlap

weighting( GBM-OW ). Methods Within the situations that there are complex relationships between confounders and treatment

factors, and different sample size and different propensity score overlap, we explored the performance of GBM—-OW model in

balance confounders and estimate effect. And compared with multivariate adjusted model and other three propensity score

weighting models. Results and Conclusion

From the simulation results we concluded that when the relationship between

variables is complex, the sample size is large, and the propensity score value overlap is small, the GBM-OW model has a good

performance in all aspects and can be used in observational studies.
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0 1 1 1 -1.1585 2.4657 0.1781 2.6967 0 15.3799
0 0 0 0 2.2378 2.9790 4.4507 4.6115 1 17.2423
0 0 1 0 1.8048 1.0878 1.8582 3.9203 0 14.8737
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R3 HABRBIAEZE

FRER KS  ASMD ( :;0 ) RMSE ?ﬁ;égc{% )
adjusted 0.36 0.90 1628  0.18 39.49
logistic-IPW  0.14 023 2318  0.64 85.28
logistic-OW  0.07 0.00 1560  0.18 86.82
GBM-IPW  0.13 0.36 156.49  1.58 19.94
GBM-OW  0.01 0.03 8.98  0.13 98.44
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BisR: KEEFH R R
S — B RO A
DataGenerate<— function(n,gammaA) |
#n AWAEARE | gammaA iy vy
pl <= 0.2; p2 <= 0.4; p3 <= 0.5; p4 <= 0.6
mS5 <- 1; m6 <- 2; m7 <- 3; m8 <-4
wl <— rbinom(n, size=1, prob=pl)
w2 <— rbinom(n, size=1, prob=p2)
w3 <- rbinom(n, size=1, prob=p3)
w4 <- rbinom(n, size=1, prob=p4)
w5 <— morm(n, m5,1)
w6 <— rmorm(n, m6,1)
w7 <= morm(n, m7,1)
w8 <— rnorm(n, m§,1)
W_A <- 0.3 % wl+0.2 * w24+0.4 * w3+0.1 * w4-0.4 * w5
+0.1 * w6+0.1 * w7+0.1 * w8+0.5 * w6 * w6+0.2 * w8 * w8+
0.4 % w6 * w7+0.4 * w5 * w8
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W_a <- 0.3 #pl1+0.2 * p2+0.4 * p3+0.1 * p4-0.4 * m5+
0.1 #* m6+0.1 * m7+0.1 * m8+0.5 * m6 * m6+0.2 * m8 * m8+
0.4 * m6 * m7+0.4 * m5 * m8
W_Y <= 0.4 % wl+0.3 % w2+0.2 = w3+0.1 * wd+0.4 =
w5-0.3 * w6+0.2 * w7+0.1 * w8+0.2 * w6 * w6+0.3 * w8 * w8+
0.5 * w6 * w7+0.2 * w5 * w8
W_y <= 0.4 % pl+0.3 * p2+0.2 * p3+0.1 * p4+0.4 * m5-
0.3 % m6+0.2 * m7+0.1 * m8+0.2 * m6 * m6+0.3 * m8 * m8+0.5
#m6 * m7+0.2 * m5 * m§
HULE HON
probTreat=0.4
betaOA =log ( probTreat/ ( 1-probTreat) ) - gammaA * W_a
probA <— plogis( betaDA+gammaA * W_A)
A <- rbinom(n, size=1, prob=probA)
#2157
Y.l <— rnorm(n, mean=15+1+W_Y, sd=1)
Y.0 <— rnorm(n, mean=15+0+W_Y, sd=1)
Y <- Y.1#A+Y.0 % (1-A)
return( data.frame( w1 ,w2,w3,w4,w5,w6,w7,w8,A,Y))
|
#AE RS , IREAR D 1000,y 2 0.1 51
data <— DataGenerate(n=1000, gammaA=0.1)

S Ty AR it
#INEH 2R
library ( gbm)
library ( sandwich)
library ( survey)
#JH1T GBM &
gbm <— gbm( A~wl+w2+w3+wd+w5+w6+w7+w8,
data=data,
distribution =" bernoulli" ,
n.trees = 20000,
interaction.depth=3,
n.minobsinnode =10,
shrinkage=0.01,
bag.fraction=1,
train.fraction=1,
verbose = FALSE,
keep.data=FALSE)
#5:H PS {H (LA 20000 S EAR K1)
ps <— predict( gbm, newdata=data, n.trees=20000,type="

response” )
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#F ] PS {47 B AL ANAL

data $ OW[data$ A == 0] <-ps[data$ A == 0]

data$ OW[data$ A == 1] <— 1-ps[data$ A == 1]

#HTEINAUS A9 KS i ( LIAE 8 W5 ) (2% twang fu
HHINAUS KS T )

data$ w[ data$ A == 1] <— with( subset(data, A==1),
OW/sum(OW) )

data $ w[ data$ A == 0] <— with(subset(data, A==0), -
OW/sum(OW) )

ind <— order(data[ ," w5" ])

cumv <— abs( cumsum(data $ w[ind]))

cumv <- cumv][ diff(datal ,"w5" ][ind])! = 0]

ks <— ifelse(length(cumv)> 0, max(cumv), 0)

#TEINEUS I ASMD {8 (LA 53 A8 5 wl i 828R
w5 Az

design <— svydesign (ids = ~ 1, weight = ~ w, data = data.
frame (x=data] ,c("wl","w5") ], t=data$ A, w=data $ OW,
sampw =rep( 1 ,nrow(data) ) ) )

design.t <— subset(design,t==1)

design.c <— subset( design,t==0)

attach ( data)

W I R A bR 2

sd.denorm.w1 <— with(data, sqrt( (mean(wl[ A==1]) *
(1-mean(wl[A==1]))+mean(wl[A==0]) * (1-mean(wl
[A==0])))/2))

T SRR B () B T bR 2

sd.denorm.w5 <— with(data,sqrt( (var(w5[ A==1]) +var
(w5[A==0]))/2))

detach( data)

ASMD_w1 <- abs( svymean ( ~ x. wl, design.t, na.rm =
TRUE) [ [ 1]]-svymean ( ~ x. wl, design.c, na.rm = TRUE)
[[1]])/sd.denorm.wl

ASMD_w5 <— abs ( svymean ( ~ x. w5, design.t, na.rm =
TRUE) [ [ 1] ]-svymean ( ~ x. w5, design.c, na.rm = TRUE)
[[1]])/sd.denorm.w5

HIOVAT T

Im <- Im(Y~A, data=data, weights=data $ OW ) #il-5 L)
OW AL (LA [l 15 7 7%

effect <— coefficients(Im) [ [ 2] J#42 H Nl A

SE <- sqrt( diag( sandwich(1m))) [ [2] J#LAJe.0 07 253
BhrfER

(DTS4 - SRR )





