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[Abstract]
estimate the causal effect of the data by using the adjustment set based on the causal graph model. The five limitations were as follows :
(D the PROC CAUSALGRAPH procedure could not deal with the causal graph model of directed circles; @ the PROC

CAUSALGRAPH procedure could not evaluate dynamic processing scheme; 3 causal effect identification was a population concept ;

The purpose of this paper was to introduce the five limitations of the PROC CAUSALGRAPH procedure and

@ causal effect identification was a nonparametric concept; & the PROC CAUSALGRAPH procedure could not identify the causal
effect in some causal graph models. The example was for a simulated data set, using the conventional multiple Logistic regression
model analysis and the causal graph model analysis, respectively. By comparing the analysis results of the two, the following
conclusions were drawn: () causal graph theory was useful in identifying causal effects in confounding situations ; ) by implementing
hierarchical estimation of causal effects, a good statistical estimation of causal effects could be achieved based on the identification
results of the PROC CAUSALGRAPH procedure.
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Figure 1~ Causal graph model of the effect of serum urate

Ethnicity

on risk of cardiovascular disease
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data CVDdata;

drop ii Nutrition PreviousHDL;

call streaminit(1 000);

array EthProb [6] _temporary_ (0.60, 0.18,
0.13,0.05, 0.01, 0.03);

array SmokeRates [6] _temporary_ (0. 17,
0.10,0.17, 0.07, 0.22, 0. 15);

array EthNut (6] _temporary_ (0.20, 0.18,
0.08, 0.03,0.11, 0.04);

doii =1 to 79 000;

Gender = rand("Bernoulli",0. 5) ;

Ethnicity = rand("Table", of EthProb[*]);

Smoking = rand ("Bernoulli", SmokeRates [ Eth-
nicity] );

Nutrition = 0. 5 — Gender + 10. 0*rand ("Normal" ,
0, EthNut[ Ethnicity ) ;

PreviousHDL = 55 + 4. 0*Nutrition;

if PreviousHDL<40 then StatinUse = rand
("Bernoulli", 0.90);
else if PreviousHDL<60 then StatinUse = rand

("Bernoulli", 0.65);

else StatinUse = rand("Bernoulli", 0. 05);

CurrentHDL = 55 + rand ("Normal", 0.0, 7) +
StatinUse*rand ("Normal" ,4. 0,0.5) ;

Urate = 6. 0 + 0. 4*Nutrition + 1. 5*Gender;

Gout = rand ("Bernoulli", logistic ( -8.0 +
0. 90*Urate) ) ;

CVD = rand("Bernoulli", logistic(—l. 2 -0.04*
CurrentHDL + 0. 2*Gout + 0. 65*Smoking +0. 1*Urate ) )

output;

end;

run;
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Table I The first 10 lines of the simulated data set
£ Gender Ethnicity Smoking StatinUse CurrentHDL Urate Gout CVD
1 0 2 0 0 45.924 1 6. 41547 1 0
2 1 2 0 1 66.9528 7.438 40 0 0
3 0 5 0 1 54.5367 6.42775 0 0
4 0 2 0 1 67.773 3 5.326 36 0 0
5 0 1 0 0 64.206 7 6. 67543 0 0
6 1 1 0 1 53.046 2 7.220 69 1 0
7 0 3 1 1 49. 4850 5.156 09 0 0
8 1 2 1 0 57.806 5 6.474 76 0 0
9 0 1 0 0 57.760 0 6. 520 05 0 1
10 1 3 0 1 71. 046 0 7.307 62 0 0
2.2.3 i Urate HICBSFKITE &2 Urae ML REITE
Table 2 Summary statistics for urate
T BB SR G Urate T RS0 TTH . 3K PRt WM GfE ROME RO
P SASTEIF T . 79 000 6. 746 0. 894 3.067 10.376

proc means data=CVDdata;

var Urate;

ods output Summary=SampleMeansOutput ;

run;
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proc causalgraph maxsize=2;

model "Thor12SimpleHDL"

Ethnicity ==> Nutrition Smoking,

Gender ==> Nutrition Urate,

Gout ==>CVD,

Nutrition ==> PreviousHDL Urate,

CurrentHDL ==> CVD,

PreviousHDL ==> StatinUse,

Smoking ==> CVD,

StatinUse ==> CurrentHDL,

Urate ==> CVD Gout;

identify Urate ==> CVD;

unmeasured Nutrition PreviousHDL;

run;
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Table 3 Possible adjustment sets for the model

% 5 KN 2/ CurrentHDL Ethnicity Gender Gout Smoking StatinUse
1 2 I * *
2 2 I * *
3 2 S * *
4 2 P * *
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data _null_;set SampleMeansOutput;

call symputx("UrateMean" , Urate_Mean ) ;

call symputx("UrateStd", Urate_StdDev) ;

call symputx("UrateUnit1", Urate_Mean + 0. 5) ;

call symputx("UrateUnit0", Urate_Mean — 0. 5) ;

call symputx ("UrateStd1", Urate_Mean + 0. 5*Urate_
StdDev ) ;

call symputx ("UrateStd0", Urate_Mean — 0. 5%Urate_
StdDev ) ;

run;

data ScoreData; set SampleMeansOutput; keep
Urate Test;

Test="UnitTreat" ; Urate = &UrateUnitl; output;

Test = "UnitControl" ; Urate = &UrateUnitO; output;

Test = "StdTreat" ; Urate = &UrateStd1; output;

Test = "StdControl" ; Urate = &UrateStd0; output;

run;
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proc sort data=CVDdata; by Smoking StatinUse;
run;

proc logistic data=CVDdata noprint;

by Smoking StatinUse ; model CVD (event="1") =
Urate;

score data=ScoreData out=ProbStrat ;

run;
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proc logistic data=CVDdata noprint ;

model CVD(event="1") = Urate;

score data=ScoreData out=ProbNaive ;

run;
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P CVD A AR R A HE U0 2 4 PR o

x4 KRPEHFRBME
Table 4 Unadjusted posterior probabilities

@5 A 3 Urate P_1
1 UnitTreat 7.246 02 0.073 22
2 UnitControl 6. 246 02 0. 064 06
3 StdTreat 7.192 83 0.07270
4 StdControl 6.299 20 0. 064 52
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Table 5 Causa effect estimation summary

. True Stratified Unadjusted
g 5 Effect

Effect Estimation Estimation

1 UnitEff 0. 007 620 0. 007 766 0.009 155

2 StdEff 0. 006 789 0. 006 940 0.008 181

Hi 3% 5 A, il 43 2 A T S Al A
(Stratified Estimation ) JE & 2% It B 52 {H (True Effect) o
KA £E A Smoking, StatinUse PR 1 BT s 8RR S
i B AT RO R AR (DR SCR 3 deJm —17) o 2R,
BT R 2 0 )5 G B | 8 Logistic [B1H 43 Hr
52| £k 7 1{E (Unadjusted Estimation )5 True Effect
AN—F, PRy T PR ERTASERY J3 B 1 45 2R (DL i =SC
22 3) W, 23 45 (45 Logistic [A] A Hp 50 AATAr]
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