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[Abstract]

combined with the average treatment effect analysis. Firstly, it introduced 4 basic concepts related to the average treatment effect

The purpose of the paper was to introduce how to reasonably carry out multiple Logistic regression analysis

analysis. Secondly, it presented the core contents in the average treatment effect analysis, that was, six estimation methods. Thirdly,
through a hypothetical drug clinical trial example, it gave the whole process of how to use SAS software for the analysis. The contests
were as follows: (D the traditional multiple Logistic regression model was used for the analysis; @ the propensity score model was

used to calculate the inverse probability weights; 3 six estimation methods were used to estimate the potential outcome mean and the

average treatment effect.
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Table 2 Clinical trial data structure of a drug to prevent type 2 diabetes

M P Gender Age BMI Drug Diabetes2
1 Male 29 22.02  Drug_A Yes
2 Female 30 23.83  Drug X Yes
3 Female 42 23.64  Drug X Yes
4 Male 47 23.67  Drug A No
5 Female 42 22.27  Drug_A Yes
6 Male 45 26.90  Drug A Yes
7 Female 46 24.06  Drug A Yes
8 Female 45 23.41  Drug_A Yes
9 Female 28 24.65  Drug X No
10 Male 36 20.13  Drug X Yes
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proc logistic data=drugs ;

class Gender Drug;

model Diabetes2 (ref="No’) = Drug Age Gender
BMI

/selection=stepwise sle=0. 50 sls=0. 05;

run;
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Table 3 Maximum likelihood estimation results of parameters

in the multiple Logistic regression model

Z B ok P AdmE A it FRERE Waldy Py
Intercept 1 2,663  0.639 17.342 <0.010
Drug  Drug A 1 0.383  0.105  13.406 <0.010
Age 1 0.073  0.016  20.603 <0.010
Gender ~ Female 1 0.223  0.098  5.173 0.023
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Table 4 Estimated results of odds ratio of each variable

B M s 95%Wald {5 B
Drug Drug_A vs Drug_X 2.152 1.428~3.244
Age 1. 076 1.042~1. 110
Gender Female vs Male 1.561 1. 063~2. 291
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proc causaltrt data=drugs method=ipw ppsmodel ;

class Gender;

psmodel Drug(ref="Drug_A’)= Age Gender BMI;

model Diabetes2 (ref="No’) = Age Gender BMI /
dist = bin;

run;
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Table 5 Analysis results of causal effects

Z M Ab K- i i RRMdEbRER 2 Wald 95% & {5 bR Z Pr>1ZI
POM Drug_X 0. 459 0. 043 0. 375~0. 543 10. 680 <0.010
POM Drug_A 0. 649 0. 027 0. 597~0. 702 24.290 <0.010
ATE -0.190 0. 051 -0. 290~-0. 092 -3.770 <0.010

®6 BERBEMSTER
Table 6 Analysis results of causal effects

Z M pisivied i i RRMERuER 2 Wald 95% {5 bR Z Pr>1ZI
POM Drug_X 0. 468 0. 043 0. 384~0. 553 10. 850 <0.010
POM Drug_A 0. 647 0. 027 0. 595~0. 699 24.380 <0.010
ATE -0.179 0. 050 -0. 277~-0. 080 -3.560 <0.010

®7 BERBEMNSTER
Table 7 Analysis results of causal effects

Z K ALK i i RRMEbRuER 2 Wald 95% & {5 bR Z Pr>1ZI
POM Drug_X 0. 469 0. 043 0. 385~0. 554 10. 890 <0.010
POM Drug_A 0. 647 0. 027 0. 595~0. 699 24.380 <0.010
ATE -0.178 0. 050 -0. 276~-0. 079 -3.540 <0.010

®8 BERBEMSTER
Table 8  Analysis results of causal effects

Z M JbHEKP i i RRMdEbRuER 2 Wald 95% {5 bR Z Pr>IZI
POM Drug_X 0. 478 0. 042 0. 395~0. 561 11.320 <0.010
POM Drug_A 0. 649 0.027 0. 597~0. 701 24.330 <0.010
ATE -0. 171 0. 050 0. 268~-0. 074 -3.450 0. 001

®9 BERBEMSTER
Table 9 Analysis results of causal effects

Z K A PR i i MR Wald 95% & {5 KR V4 Pr>1ZI
POM Drug_X 0. 473 0. 044 0. 387~0. 558 10. 840 <0.010
POM Drug_A 0. 647 0.026 0. 595~0. 699 24.470 <0.010
ATE -0. 174 0.051 -0.273~-0. 075 -3. 450 0. 001

3.4 it bR OR=2. 152, & /& 55 T i 4 B4l A 15 31 1 45

B3 3. 2 IS SR T A, 2R 2 Drug_ A
BT 4232 Drug XA, T8 5 £ 2 0B bR 14 fE 35
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Table 10  Analysis results of causal effects

E Jb PR fli 3 RaddtbRikiRzs Wald 95% & {5 FR Z Pr>1ZI
POM Drug_X 0. 479 0. 044 0. 393~0. 565 10. 940 <0.010
POM Drug_A 0. 649 0. 026 0.597~0. 701 24.550 <0.010
ATE -0. 170 0.051 -0. 269~-0. 071 -3.350 0. 001

M5 3.3 TR A BT A, Z il 2
Drug_A JR Y7 L 5Z Drug X IRT7T, 5 ) L 2 RURE IR
Mo FET 6 PG A5 5 W AR 24 F- 24 40 B PR SR
B ATE 43 %) A -0. 190, -0. 179,-0. 178.-0. 171,
=0. 174 F1-0. 170, AT 5, A B9 RER H TPW A
R INYEIREEPORIER = FNER B SIS LIISE S TR
B ATE=-0. 190, ‘& J&J& T VL IC J5 4l 42 15 2 1Y
g
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