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Appendix A: SAS Code for SEM Power Calculation  
 
/* Power calculation for REACH SEM paper */  
ods html path="c:\tempfiles";  
Proc IML;  
alpha=.05; /* significance level */  
rmsea0=.05; /* null hyp value */ 
rmseaa=.08; /* alt hyp value */  
d=58;/* degrees of freedom */  
n=188; /* sample size */ 
ncp0=(n-1)*d*(rmsea0**2);  
ncpa=(n-1)*d*(rmseaa**2);  
 
if rmsea0<rmseaa then  
do;  
 cval = cinv(1-alpha, d, ncp0);  
 power = 1 - probchi(cval, d, ncpa); 
end; 
 
if rmsea0>rmseaa then  
do;  
 cval = cinv(alpha, d, ncp0);  
 power = probchi(cval, d, ncpa); 
end; 
 
Print rmsea0 rmseaa alpha d n cval[Format=10.3] power[Format=5.3] ncp0 ncpa; 
quit;  
ods html close; 
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Appendix B: SAS Code for Assessment of Multivariate Normality 
 
ods html path="c:\tempfiles";   
ods graphics on; 
/* Obtain Mahalanobis distance from principle components */ 
proc princomp data=SEMData std out=out_all outstat=outstat noprint; 
   var Post_H1c Post_V110 Post_SMB Post_PAID Post_SelfEff_MH   
       Pre_H1c Pre_V110 Pre_SMB Pre_PAID Pre_SelfEff_MH  
       RaceInd GenderInd Age_BLIW Cohort2 Randomization2 HSGrad   
       TotalClasses JrnyHlthGrp SelfMgtGrp FHADrVisitsBin;  
run;   
 
/* Compute squares of principle components */  
data mahalanobis_all;  
  set out_all;   
  d2 = uss(of prin:);  
 run;   
  
/* Histogram and QQ Plot of Mahalanobis Distance */ 
Title 'Multivariate Diagnostics - All';  
Proc Univariate Data=Mahalanobis_all; 
 Var  d2;  
 Label  mahalanobis_distance_to_mean="Squared Distance";   
 Symbol1 V=Dot;  
  
 Histogram / Gamma(Alpha=10 Sigma=2 Theta=0 Fill) 
 CFill=Blue Name="Data W/Post"; 
 Inset Gamma(KSD KSDPval) / Header='Goodness of Fit Test'  
 Position=(95,95) RefPoint=TR;  
  
 QQPlot / Gamma(Alpha=10 Sigma=2 Theta=0 L=1)  
 PctlMinor PCTLSCALE Name="Data W/Post"; 
Run; 
/* p = 0.2500 Kolmogorov */  
ods graphics off;   
ods html close; 
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Appendix C: Derivation of Multivariate Skewness and Kurtosis Formulas for Bernoulli 
Random Variables 
 

The skewness of a Bernoulli variable, X, with probability of event, π, can be computed from: 
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 To standardize μ3, divide by variance3/2, [π(1- π)]3/2, and the standardized skewness is 
 
 

1 2

1


 



. 

 
The kurtosis of a binary variable, X, with probability of event, π, can be computed from 
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 To standardize, divide by [π(1- π)]2, subtract 3, and the standardized kurtosis is 
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Appendix D: SAS Code for Missing Data Analysis 
 
*** Step 1: Impute with Proc MI ***; 
*** Include WithFlag (Withdrawal as covariate) ***; 
Proc MI Data=TestMissing NImpute=20 seed=11292011 out=ImputeSEM; 
Var WithFlag Age_BLIW Genderind RaceInd Cohort2 Randomization2 HSGrad  
TotalClasses FHADrVisitsBinJrnyHlthGrp SelfMgtGrp  
Pre_V110 Pre_SMB Pre_PAID Pre_SelfEff_MH 
Post_V110 Post_SMB Post_PAID Post_SelfEff_MH 
Pre_H1cPost_H1c ;  
Run; 
 
*** Step 2: Combine estimates from Proc CALIS ***; 
Proc Calis Covariance Method=ML VARDEF=N Data=ImputeSEM; 
LINEQS … list line equations;  
VARIANCE List variances; 
VAR List variables; 
by _IMPUTATION_; 
ODS Output LINEQSEQ=LINEQSEQ;  
Run; 
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Appendix E: SAS Proc CALIS Code for SEM Analysis 
 
ods html newfile=proc path="c:\tempfiles";             
ods graphics on;                           
Proc Calis Covariance Residual Modification Kurtosis Method=FIML plots=residuals 
Data=SEMData;       
LINEQS                  
Post_V110 = P_PostV110_PreV110 Pre_V110 +             
  P_PostV110_TotalClasses TotalClasses + P_PostV110_FHADrVisitsBin FHADrVisitsBin +       
  P_PostV110_JrnyHlthGrp JrnyHlthGrp + P_PostV110_SelfMgtGrp SelfMgtGrp +        
  E_PostV110,                
                  
Post_PAID = P_PostPAID_PrePAID Pre_PAID +             
  P_PostPAID_TotalClasses TotalClasses + P_PostPAID_FHADrVisitsBin FHADrVisitsBin +       
  P_PostPAID_JrnyHlthGrp JrnyHlthGrp + P_PostPAID_SelfMgtGrp SelfMgtGrp +        
  E_PostPAID,                
                  
Post_SelfEff_MH = P_PostSelfEff_MH_PreSelfEff_MH Pre_SelfEff_MH +          
  P_PostSelfEff_MH_TotalClasses TotalClasses + P_PostSelfEff_FHADrVisitsBin 
FHADrVisitsBin +      
  P_PostSelfEff_JrnyHlthGrp JrnyHlthGrp + P_PostSelfEff_SelfMgtGrp SelfMgtGrp +       
  E_PostSelfEff_MH,               
                  
Post_SMB = P_PostSMB_PreSMB Pre_SMB + P_PostSMB_PostV110 Post_V110 +          
  P_PostSMB_PostPAID Post_PAID + P_PostSMB_PostSelfEff Post_SelfEff_MH +        
  E_PostSMB,                
                  
Post_H1c = P_PostH1c_PreH1c Pre_H1c + P_PostH1c_PostSMB Post_SMB +          
  P_PostH1c_Age Age_BLIW + P_PostH1c_Gender Genderind +          
  P_PostH1c_RaceInd RaceInd + P_PostH1c_Cohort2 Cohort2 +          
  P_PostH1c_Rand Randomization2 + P_PostH1c_HSGrad HSGrad +          
   E_Post_H1c;              
                  
VARIANCE                 
E_PostV110 = Var_PostV110,               
E_PostSMB = Var_PostSMB,               
E_PostPAID = Var_PostPAID,               
E_PostSelfEff_MH = Var_PostSelfEff_MH,              
E_Post_H1c = Var_PostH1c,               
Pre_H1c = Var_PreH1c,                
Pre_V110 = Var_PreV110,                
Pre_SMB = Var_PreSMB,                
Pre_PAID = Var_PrePAID,                
Pre_SelfEff_MH = Var_PreSelfEff_MH,              
Age_BLIW = Var_AgeBLIW,                
GenderInd = Var_GenderInd,               
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RaceInd = Var_RaceInd,                
HSGrad = Var_HSGrad,                
Cohort2 = Var_Cohort2,                
Randomization2 = Var_Randomization2,              
JrnyHlthGrp = Var_JrnyHlthGrp,               
SelfMgtGrp = Var_SelfMgtGrp,               
FHADrVisitsBin = Var_FHADrVisitsBin,              
TotalClasses = Var_TotalClasses;              
                  
VAR                  
Pre_H1c Pre_V110 Pre_SMB Pre_PAID Pre_SelfEff_MH            
Age_BLIW Genderind RaceInd Cohort2 Randomization2 HSGrad           
TotalClasses FHADrVisitsBin JrnyHlthGrp SelfMgtGrp            
Post_H1c Post_V110 Post_SMB Post_PAID Post_SelfEff_MH;            
ODS Output LINEQSEQ=LINEQSEQ SQMultCorr=SQMultCorr Fit=Fit;           
Run;                  
ods graphics off;                
ods html close;                 
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