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[bookmark: _Toc127542289]1.  Data preparation 
Examples used in this supplement represent responses to Extraversion domain and facet scales from the Big Five Inventory (BFI-2; Soto & John, 2017) on two occasions. All item variables are renamed using ‘T1_’ for Occasion 1 and ‘T2_’ for Occasion 2. We include code below for the mice package that uses predictive mean matching to impute values for missing responses. The dataset we analyzed had no missing values.
library(mice)
BFI2 <- read.csv("BFI2.csv", header = T)
bfi2_ext <- BFI2[, c(paste0("T1_", c(1, 16, 31, 46, 6, 21, 36, 51, 11, 26, 41, 56)), paste0("T2_", c(1, 16, 31, 46, 6, 21, 36, 51, 11, 26, 41, 56)))]

tempData <- mice(bfi2_ext, m = 20, maxit = 50, meth = "pmm", seed = 500)
tempData$imp$T2_11
[bookmark: _Hlk142159792]##     1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
## 289 4 4 4 4 3 4 5 4 3  5  3  3  4  4  5  3  4  3  4  4
completedData <- complete(tempData, 1)
The example above indicates that 20 values were imputed for item 11 at time 2 on line 289 of the dataset. The numbers in the first row indicate the imputation number, and those in the second equal the imputed values. In this example, the number “4” was imputed most often and therefore seems like a reasonable choice to substitute for the missing value. To illustrate this procedure, we simply deleted the actual response to this item, which equaled “4” as well.
When using mGENOVA and R lavaan to perform multivariate G-theory analyses, data must be arranged in a wide format that has a column for each variable. Table S1 depicts this wide format. Item numbers are those used in the BFI-2.
Table S1. Example of Wide Format Data Structure for p × i × o Design 
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When using the gtheory and glmmTMB packages to perform G-theory analyses, data must be arranged in a long format so that all response data are provided in a single column. Table S2 depicts this long format.
Table S2. Example of Long Format Data Structure for p × I × O Design
	DV Score
	Case Number
	Item Number
	Occasion Number
	Subscale Number
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2.  mGENOVA 
mGENOVA (Brennan (2001) is an ANSI FORTRAN computer program used for multivariate generalizability analyses. It has both G study and D study capabilities. The package and its manual can be downloaded free of charge from the following website: http://www.education.uiowa.edu/centers /casma/computer-programs
[bookmark: _Toc127542291]2.1  p• × I° and p• × I• multivariate designs
The code given below would yield variance component estimates for persons × items multivariate designs.
GSTUDY       pxi
OPTIONS     RECORDS 2 "*.out" 
MULT         3 Ass Ene Soc                # Number of subscales =3, name of each subscale
EFFECT      * P  346 346 346 0      # Number of responses =346, *: object of measurement
EFFECT       I 4 4 40                          # Number of items =4
# Currently,” I” following the command EFFECT represents a  # p•× I° design. If you add # in front of “I”, results for a p•× I• # design will be produced.
FORMAT     (24F3.0)                       # Number of variables per a row =24
PROCESS  “mydata_pi_wide”      # Wide format data
DSTUDY      pxi
DOPTIONS    NEGATIVE   # Do not replace negative variances to zero
DEFFECT     $ P 346 346 346 0 
DEFFECT      I 4 4 4 0        # Number of items =4
                                               # Currently,” I” following the command EFFECT represents a  
                                               # p•× I° design. If you add # in front of “I”, results for a p•× I• 
                                               # design will be produced.
                                               # You can change the number of occasions or items for alternative        
      # coefficients. For example, if you change O 1 1 1 0 to 0 2 2 2 0 and I 4 4 4            
      # 0 to I 8 8 8 0’ in the DEFFECT statements, you can get coefficients for           
      # two occasions and eight items per subscale.  
ENDDSTUDY
FINISH

The output below includes G-study estimated variance and covariance components for the   p• × i° multivariate design. Values in the upper triangle of the p matrix are disattenuated correlation coefficients.

	Effect
	Assertiveness
	Energy Level
	Sociability

	p
	0.572
	0.596
	0.739

	
	0.289
	0.411
	0.718

	
	0.503
	0.414
	0.808

	pi,e
	0.694
	
	

	
	
	0.797
	

	
	
	
	0.824

	i
	0.037
	
	

	
	
	0.100
	

	
	
	
	0.218





The table below shows estimated D-study variance and covariance components 
for the p• × I° multivariate design based on one occasion and four items per subscale.

	Effect
	
	Assertiveness
	Energy Level
	Sociability

	p
	Assertiveness
	 = 0.572
	
	

	
	Energy Level
	 = 0.289
	 = 0.411
	

	
	Sociability
	 = 0.503
	 = 0.414
	 = 0.808

	PI,E
	Assertiveness
	
= 0.694/4 = 0.173
	
	

	
	Energy Level
	
	 = 
= 0.797/4 =0.199
	

	
	Sociability
	
	
	 = 0.824/4 =0.206

	I
	Assertiveness
	
= 0.037/4 = 0.009
	
	

	
	Energy Level
	
	= 
= 0.100/4 = 0.025
	

	
	Sociability
	
	
	
= 0.218/4 = 0.054


Using the values above and equations from Table 3 in the main article and later in this supplement, you can compute variance components, G coefficients, and global D (phi) coefficients for composite scores, and effective weights and correlation coefficients for subscale scores. mGENOVA can output these results directly.

[bookmark: _Toc104466467][bookmark: _Toc127542292]2.2  p• × I° × O•, p• × I• × O•, and p• × I° × O° multivariate designs
The code given below would yield variance component estimates for the persons × items × 
× occasions multivariate designs described in the heading above.

GSTUDY     pxixo  
OPTIONS     RECORDS 2 "*.out" 
MULT         3 Ass Ene Soc                 # Number of subscales =3, name of each subscale
EFFECT      * P  346 346 346 0      # Number of responses =346, *: object of measurement
EFFECT       # O 2 2 2 0                    # Number of occasions =2, #: the facet is crossed
EFFECT       I 4 4 40                          # Number of items =4
# Currently, “# O” and” I” following the command EFFECT 
# represents a p• × I° × O• design. If you add # in front of “I”,       # results for  a p•× I•× O• design will be produced. If you            # delete # in front of “O”, results for  a p•× I•× O• design will     # be produced.
FORMAT     (24F3.0)                       # Number of variables per a row =24
PROCESS  “mydata_pio_wide”    # Wide format data
DSTUDY      pxixo
DOPTIONS    NEGATIVE   # Do not replace negative variances to zero
DEFFECT     $ P 346 346 346 0 
DEFFECT     # O 1 1 1 0    # Number of occasions =1
DEFFECT      I 4 4 4 0        # Number of items =4
                                                # Currently, “# O” and ” I” following the command EFFECT 
                                                # represents a p• × I° × O• design. If you add # in front of “I”,   
                                                # results for  a p•× I•× O• design will be produced. If you          
                                                # delete # in front of “O”, results for  a p•× I•× O• design will  
                                                # be produced.
                                                # You can change the number of occasions or items for alternative        
                                                # coefficients. For example, if you change O 1 1 1 0 to 0 2 2 2 0 and I 4 4 4        
                                                #  0 to I 8 8 8 0’ in the DEFFECT statements, you can get coefficients for        
                                                # two occasions and eight items per subscale.  
ENDDSTUDY
FINISH

Estimated G-study estimated variance and covariance components from the p• × i° × o• multivariate design are shown below. Values in the upper triangle of the p matrix are disattenuated correlation coefficients.

	Effect
	Assertiveness
	Energy Level
	Sociability

	p
	0.531
	0.557
	0.739

	
	0.263
	0.421
	0.696

	
	0.468
	0.392
	0.754

	pi
	0.366
	
	

	
	
	0.427
	

	
	
	
	0.505

	po
	0.038
	
	

	
	0.020
	0.015
	

	
	0.023
	0.026
	0.036

	pio,e
	0.323
	
	

	
	
	0.315
	

	
	
	
	0.249

	i
	0.036
	
	

	
	
	0.094
	

	
	
	
	0.221

	o
	0.000
	
	

	
	0.000
	0.000
	

	
	0.000
	0.000
	0.000

	io
	-0.001
	
	

	
	
	0.001
	

	
	
	
	-0.001





The table below shows estimated D-study variance and covariance components output from the p• × I° × O• multivariate design based on one occasion and four items per subscale.
	Effect
	
	Assertiveness
	Energy Level
	Sociability

	p
	Assertiveness
	 = 0.531
	
	

	
	Energy Level
	 = 0.263
	 = 0.421
	

	
	Sociability
	 = 0.468
	  = 0.392
	 = 0.754

	PI
	Assertiveness
	= 
= 0.366/4 = 0.091
	
	

	
	Energy Level
	
	
= 0.427/4 = 0.107
	

	
	Sociability
	
	
	
= 0.505/4 = 0.126

	PO
	Assertiveness
	
= 0.038/1 = 0.038
	
	

	
	Energy Level
	
0.020/1 = 0.020
	 =
= 0.015/1 = 0.015
	

	
	Sociability
	
= 0.023/1 = 0.023
	
= 0.026/1 = 0/026
	 =
= 0.036/1 = 0.036

	PIO,E
	Assertiveness
	 = 0.323/4 = 0.081
	
	

	
	Energy Level
	
	 = 0.315/4 = 0.079
	

	
	Sociability
	
	
	 = 0.249/4 = 0.062

	I
	Assertiveness
	
= 0.036/4 = 0.009
	
	

	
	Energy Level
	
	
= 0.094/4 = 0.023
	

	
	Sociability
	
	
	
= 0.221/4 = 0.055

	O
	Assertiveness
	
= 0.000/1 = 0.000
	
	

	
	Energy Level
	
= 0.000/1 = 0.000
	
= 0.000/1 = 0.000
	

	
	Sociability
	
= 0.000/1 = 0.000
	
= 0.000/1 = 0.000
	
= 0.000/1 = 0.000

	IO
	Assertiveness
	
= -0.001/4 = 0.000
	
	

	
	Energy Level
	
	
= 0.001/4 = 0.000
	

	
	Sociability
	
	
	
= -0.001/4 = 0.000


[bookmark: _Hlk127614655][bookmark: data-preparation][bookmark: _Toc71986083][bookmark: _Toc127542293][bookmark: _Toc71986118]Using the values above and equations from Table 3 in the main article and later in this supplement, you can compute variance components, G coefficients, and global D (phi) coefficients for composite scores, and effective weights and correlation coefficients for subscale scores. mGENOVA can output these results directly.



3.  R
[bookmark: _Toc127542294]3.1  gtheory package p• × I° and p• × I° × O° multivariate designs
library(gtheory)
## Code for the p•× I° design                                                  GT_pi <- gstudy(data = mydata_pi_long), colname.objects = "ID", colname.strata = "Subscale", formula = "DV ~ (1 | ID) + (1 | Item)")                        ## Corresponding code for the p•× I°× O° design                                ## GT_pio <-gstudy(data = mydata_pio_long), colname.objects = "ID", colname.st## rata = "Subscale", formula = "DV ~ (1 | ID) + (1 | Item) + (1 | Occasion)")
dstudy(GT_pi, data = mydata_pi_long, colname.objects = "ID", colname.strata = "Subscale", colname.scores = "DV")
#### subscale level univariate D-study variance components                    ## $within$f1$components                                                      ##     source        var  percent n                                           ## 1       ID 0.571813119    75.8 1   ->                                 ## 2     Item 0.009297357     1.2 4   ->                                 ## 3 Residual 0.173386623    23.0 4   ->                              ## $within$f2$components                                                      ##     source        var  percent n                                           ## 1       ID 0.41147869    64.7  1   ->                                ## 2     Item 0.02490204     3.9  4   ->                                 ## 3 Residual 0.19920445    31.3  4   ->                              ## $within$f3$components                                                      ##     source        var  percent n                                           ## 1       ID 0.80844010    75.6  1   ->                                                                              ## 2     Item 0.05447873     5.1  4   ->                                ## 3 Residual 0.20594209    19.3  4   ->                              ## 
## $between$generalizability          -> Subscale (f) level G-coefficient
##           f1        f2        f3
## f1 0.7969778 0.0000000 0.0000000
## f2 0.0000000 0.7673287 0.0000000
## f3 0.0000000 0.0000000 0.6738006                                           ##                                                                            ## $between$dependability           -> Subscale (f)level Global D-coefficient
##           f1        f2        f3
## f1 0.7563567 0.0000000 0.0000000
## f2 0.0000000 0.7578732 0.0000000
## f3 0.0000000 0.0000000 0.6474013


#### Composite level multivariate D-study variance covariance components                                                                                    ## $between$var.universe           -> Person variance covariance matrix
##           f1        f2        f3
## f1 0.8084401 0.5025970 0.4141556   
## f2 0.5025970 0.5718131 0.2889870
## f3 0.4141556 0.2889870 0.4114787                                           ## $between$var.error.rel          -> Person x Item variance covariance matrix##           f1        f2        f3
## f1 0.2059421 0.0000000 0.0000000                                           ## f2 0.0000000 0.1733866 0.0000000
## f3 0.0000000 0.0000000 0.1992044                                            ## 
## $composite$generalizability   -> composite level G-coefficient                               ##           [,1]
## [1,] 0.8790121
## 
## $composite$dependability      -> composite level Global D-coefficient
##           [,1]
## [1,] 0.8630075
[bookmark: _Toc127542295]3.2  glmmTMB package p• × I° and p• × I• multivariate designs
library(glmmTMB)
## Code for the p•×I° design                                                   glmmTMB(DV ~ Sub + us(0 + Sub | ID) + diag(0 + Sub | Item) + diag(0 + Sub | num),data = mydata_pi_long, dispformula = ~0, control = glmmTMBControl(optCtrl = list(iter.max = 10000,eval.max = 10000)))
## Corresponding code for the p•×I• design                                     ## glmmTMB(DV ~ Sub + us(0 + Sub | ID) + us(0 + Sub | Item) + us(0 + Sub |num)## ,data = mydata_pi_long, dispformula = ~0, control = glmmTMBControl(optCtrl ## = list(iter.max = 10000,eval.max = 10000)))
##Output
## Random-effects (co)variances:
## 
## Conditional model:
##  Groups Name  Std.Dev. Corr      
##  ID     Soc  0.8989                                                        ##         Ass  0.7558   0.74     
##         Ene  0.6413   0.72 0.60 
##  Item   Soc  0.4060             
##         Ass  0.1694   0.00      
##         Ene  0.2742   0.00 0.00 
##  num    Soc  0.9076             
##         Ass  0.8328   0.00      
##         Ene  0.8927   0.00 0.00 
#### Manual computation to obtain D-study variance and covariance matrix
 = (Std.Dev.)2
 = Corr(si,sj) * Std.Dev(si) * Std.Dev(sj)                                   Equations from Table 3 in the main article can be used to compute variance components, G coefficients, and D coefficients at subscale and composite   levels.
[bookmark: _Toc127542296]3.3  glmmTMB package p• × I° × O•, p• × I• × O•, and p• × I° × O° multivariate designs
## Code for the p•×I°×O• design                                                
glmmTMB(DV ~ Sub + us(0 + Sub | ID) + us(0 + Sub | Occasion) + diag(0 + Sub | Item) + us(0 + Sub | ID:Occasion) + diag(0 + Sub | ID:Item) + diag(0 + Sub | Occasion:Item) + diag(0 + Sub | num), data = mydata_pio_long, dispformula = ~0, control = glmmTMBControl(optCtrl = list(iter.max = 10000, eval.max = 10000)))

## Corresponding code for the p•×I•×O• design                                  ## glmmTMB(DV ~ Sub + us(0 + Sub | ID) + us(0 + Sub | Occasion) + us(0 + Sub |## Item) + us(0 + Sub | ID:Occasion) + us(0 + Sub | ID:Item) + us(0 + Sub | Oc## casion:Item) + us(0 + Sub | num), data = mydata_pio_long, dispformula = ~0,## control = glmmTMBControl(optCtrl = list(iter.max = 10000, eval.max = 10000)))
## Corresponding code for the p•×I°×O°design                                  
## glmmTMB(DV ~ Sub + diag(0 + Sub | ID) + diag(0 + Sub | Occasion) + diag(0 +## Sub | Item) + diag(0 + Sub | ID:Occasion) + diag(0 + Sub | ID:Item) + diag(## 0 + Sub | Occasion:Item) + diag(0 + Sub | num), data = mydata_pio_long, dis## pformula = ~0, control = glmmTMBControl(optCtrl = list(iter.max = 10000, ev## al.max = 10000)))

## Output on next page                                                        ## Random-effects (co)variances:
## 
## Conditional model:
##  Groups        Name  Std.Dev.  Corr      
##  ID            Subf1 0.8676           
##                Subf2 0.7287   0.74      
##                Subf3 0.6477   0.70 0.56 
##  Occasion      Subf1 0.01533
##                Subf2 0.0000   1.00      
##                Subf3 0.0000   0.96 0.95 
##  Item          Subf1 0.4089           
##                Subf2 0.1667   0.00      
##                Subf3 0.2666   0.00 0.00 
##  ID:Occasion   Subf1 0.1910 
##                Subf2 0.1941   0.63      
##                Subf3 0.1345   0.98 0.76 
##  ID:Item       Subf1 0.7110           
##                Subf2 0.6051   0.00      
##                Subf3 0.6545   0.00 0.00 
##  Occasion:Item Subf1 0.0000           
##                Subf2 0.0000   0.00      
##                Subf3 0.0148   0.00 0.00 
##  num           Subf1 0.4972           
##                Subf2 0.5676   0.00      
##                Subf3 0.5588   0.00 0.00 

#### Manual computation to obtain D-study variance and covariance matrix
 = (Std.Dev.)2
 = Corr(si,sj) * Std.Dev(si) * Std.Dev(sj) 
Using the values above and equations from Table 3 in the main article, you can compute composite score level variance components, G coefficients, and D coefficients. 

[bookmark: _Toc127542297]3.4  lavaan package p• × I° and p• × I• multivariate designs
The code that follows is based on data arranged using the wide format (see page 2).
library(lavaan)                                                               library(semTools)
## Code for the p•×I° design                                                   model<-'
F1 =~ 1*T1_1+1*T1_16+1*T1_31+1*T1_46 
F2 =~ 1*T1_6+1*T1_21+1*T1_36+1*T1_51 
F3 =~ 1*T1_11+1*T1_26+1*T1_41+1*T1_56 

F1 ~~ COV_12*F2
F1 ~~ COV_13*F3
F2 ~~ COV_23*F3
                                                                                                                                                                                   F1 ~ Mu1*1                                                                    F2 ~ Mu2*1                                                                    F3 ~ Mu3*1
T1_1 ~ mu11*1
T1_16 ~ mu12*1
T1_31 ~ mu13*1
T1_46 ~ mu14*1
T1_6 ~ mu15*1
T1_21 ~ mu16*1
T1_36 ~ mu17*1
T1_51 ~ mu18*1
T1_11 ~ mu19*1
T1_26 ~ mu110*1
T1_41 ~ mu111*1
T1_56 ~ mu112*1

mu14 == -1*(mu11 + mu12 + mu13 )
mu18 == -1*(mu15 + mu16 + mu17 )
mu112 == -1*(mu19 + mu110 + mu111)
## Item variances       
S_iS:= (mu11^2 + mu12^2 + mu13^2 + mu14^2 )/3 
S_iA:= (mu15^2 + mu16^2+ mu17^2+ mu18^2)/3
S_iE:= (mu19^2 + mu110^2 + mu111^2 + mu112^2)/3
  
## Subscale P variances
F1~~F1_V*F1
F2~~F2_V*F2
F3~~F3_V*F3

## p x i interaction variances (+ error)
T1_1~~e_var1*T1_1
T1_16~~e_var1*T1_16
T1_31~~e_var1*T1_31
T1_46~~e_var1*T1_46
T1_6~~e_var2*T1_6
T1_21~~e_var2*T1_21
T1_36~~e_var2*T1_36
T1_51~~e_var2*T1_51
T1_11~~e_var3*T1_11
T1_26~~e_var3*T1_26
T1_41~~e_var3*T1_41
T1_56~~e_var3*T1_56
####
#### For the p•×I• design, the code below should be added:                     ## Item covariances                                                           ## ITEM12cov:=((mu11)*(mu15) +(mu12)*(mu16) +(mu13)*(mu17) +(mu14)*(mu18))/(3*## 4)                                                                         ## ITEM13cov:=((mu11)*(mu19) +(mu12)*(mu110) +(mu13)*(mu111) +(mu14)*(mu112))/## (3*4)                                                                      ## ITEM23cov:=((mu15)*(mu19) +(mu16)*(mu110) +(mu17)*(mu111) +(mu18)*(mu112))/## (3*4)                                                                      ## person x item covariances (=average of covariances/4)                       ## T1_1 ~~ T1_6                                                               ## T1_16 ~~ T1_21                                                             ## T1_31 ~~ T1_36                                                             ## T1_46 ~~ T1_51                                                             ## T1_1 ~~ T1_11                                                              ## T1_16 ~~ T1_26                                                             ## T1_31 ~~ T1_41                                                             ## T1_46 ~~ T1_56                                                             ## T1_6 ~~ T1_11                                                              ## T1_21 ~~ T1_26                                                             ## T1_36 ~~ T1_41                                                             ## T1_51 ~~ T1_56
'
#### Formulas for G and D coefficients and proportions of measurement error. 
## The values defined below with ':=' will produce confidence intervals for
## the indices shown when using the 'monteCarloCI' command on the next page.
## The formulas shown after cal<-'are intended for situations where 
## there are four items for each subscale. If you are conducting research 
## using a partially crossed design in which two out of four items are 
## randomly assigned to participants, you can replace the divisor 4 with 2.   
cal<-'
p_VAR:=((COV_12 +COV_13 +COV_23)*2+F1_V+F2_V+F3_V)
pi_VAR:=(e_var1 +e_var2 + e_var3)
i_VAR:=(S_iS+ S_iA+ S_iE)
GSUM:=p_VAR + (pi_VAR/4)
G_COEF:=p_VAR/GSUM
terror:= (pi_VAR/4)/GSUM
D_coef:=p_VAR/(GSUM+i_VAR/4)
ass_g:=F2_V/(F2_V+e_var2/4)
ass_err:=1-(F2_V/(F2_V+e_var2/4))
ass_d:=F2_V/(F2_V+e_var2/4+S_iA/4)
ene_g:=F3_V/(F3_V+e_var3/4)
ene_err:=1-(F3_V/(F3_V+e_var3/4))
ene_d:=F3_V/(F3_V+e_var3/4+S_iE/4)
soc_g:=F1_V/(F1_V+e_var1/4)
soc_err:=1-(F1_V/(F1_V+e_var1/4))
soc_d:=F1_V/(F1_V+e_var1/4+S_iS/4)
'
#### The code below calculates the composite cut-score-specific D coefficient ## on the item scale metric. The code shown is for a cut score of 3.5, but it ## can be modified by substituting other values for the cut score. The
## inclusion of “varmean” in the formula represents a correction of bias (see ## page 34).
   
cut_d<-'
cutscore:= 3.5
mean:= (Mu1 + Mu2 + Mu3)/3
varmean:= p_VAR/346 + pi_VAR/(346*4) + i_VAR/4
cut_D_coef:= (p_VAR+(mean-cutscore)^2-varmean)/((p_VAR+(mean-cutscore)^2-     varmean)+(pi_VAR + i_VAR)/4)
'
#### The code that follows represents information for using alternative 
## estimation methods: ULS, ML, WLSMV, Bayesian.
## FIML is only available with ML and MLR. Bayesian estimation procedures in R
## automatically handle missing data in a similar fashion.

## ULS                                                                        fitGT1 <- lavaan(model = c(model, cal), orthogonal = "TRUE", data = mydata_pi_wide, estimator= "ULS")
## ML
## fitGT1 <- lavaan(model = model, orthogonal = "TRUE", data = mydata_pi_wide ## , estimator= "ML", missing="FIML")
## WLSMV 
## fitGT1 <- lavaan(model = model, orthogonal = "TRUE", data = mydata_pi_wide,## estimator= "WLSMV", ordered= names(mydata_pi_wide), parameterization =     ## "theta"))
## Bayesian                                                                   ## fitGT1<- bcfa(model=model, data= mydata_pi_wide, n.chains=3, sample=1000,  ## burnin =1000, target="jags", cp="fa", orthogonal=T)

## Monte Carlo Confidence Intervals (ULS estimation)                  
monte<-monteCarloCI(fitGT1, level=0.80)
monte[8:nrow(monte),]
##           est ci.lower ci.upper
## G_COEF  0.879    0.872    0.886
## terror  0.121    0.114    0.128
## D_coef  0.863    0.854    0.870
## ass_g   0.767    0.738    0.795
## ass_err 0.233    0.205    0.262
## ass_d   0.757    0.727    0.785
## ene_g   0.674    0.634    0.710
## ene_err 0.326    0.290    0.366
## ene_d   0.647    0.606    0.684
## soc_g   0.797    0.777    0.817
## soc_err 0.203    0.183    0.223
## soc_d   0.756    0.733    0.777

[bookmark: _Toc127542298]3.5  lavaan package p• × I° × O•, p• × I• × O•, and p• × I° × O° multivariate designs
## Code for the p•×I°×O• design                                                model<-'
F1 =~ 1*T1_1+1*T1_16+1*T1_31+1*T1_46 
      +1*T2_1+1*T2_16+1*T2_31+1*T2_46 
F2 =~ 1*T1_6+1*T1_21+1*T1_36+1*T1_51 
      +1*T2_6+1*T2_21+1*T2_36+1*T2_51
F3 =~ 1*T1_11+1*T1_26+1*T1_41+1*T1_56 
      +1*T2_11+1*T2_26+1*T2_41+1*T2_56 
      
OCC1_S =~ 1*T1_1+1*T1_16+1*T1_31+1*T1_46
OCC2_S =~ 1*T2_1+1*T2_16+1*T2_31+1*T2_46 
OCC1_A =~ 1*T1_6+1*T1_21+1*T1_36+1*T1_51 
OCC2_A =~ 1*T2_6+1*T2_21+1*T2_36+1*T2_51
OCC1_E =~ 1*T1_11+1*T1_26+1*T1_41+1*T1_56 
OCC2_E =~ 1*T2_11+1*T2_26+1*T2_41+1*T2_56

F1 ~~ COV_12*F2
F1 ~~ COV_13*F3
F2 ~~ COV_23*F3                                                               
F1 ~ Mu1*1                                                                    F2 ~ Mu2*1                                                                    F3 ~ Mu3*1                                                                    OCC1_S ~ mu_o1_S*1
OCC2_S ~ mu_o2_S*1
OCC1_A ~ mu_o1_A*1
OCC2_A ~ mu_o2_A*1
OCC1_E ~ mu_o1_E*1
OCC2_E ~ mu_o2_E*1

ITEM1 =~ 1*T1_1 + 1*T2_1 
ITEM2 =~ 1*T1_16 + 1*T2_16 
ITEM3 =~ 1*T1_31 + 1*T2_31
ITEM4 =~ 1*T1_46 + 1*T2_46
ITEM5 =~ 1*T1_6 + 1*T2_6 
ITEM6 =~ 1*T1_21 + 1*T2_21 
ITEM7 =~ 1*T1_36 + 1*T2_36
ITEM8 =~ 1*T1_51 + 1*T2_51
ITEM9 =~ 1*T1_11 + 1*T2_11
ITEM10=~ 1*T1_26 + 1*T2_26
ITEM11=~ 1*T1_41 + 1*T2_41
ITEM12=~ 1*T1_56 + 1*T2_56

ITEM1 ~ mu_i1*1
ITEM2 ~ mu_i2*1
ITEM3 ~ mu_i3*1
ITEM4 ~ mu_i4*1
ITEM5 ~ mu_i5*1
ITEM6 ~ mu_i6*1
ITEM7 ~ mu_i7*1
ITEM8 ~ mu_i8*1
ITEM9 ~ mu_i9*1
ITEM10 ~ mu_i10*1
ITEM11 ~ mu_i11*1
ITEM12 ~ mu_i12*1

T1_1 ~ mu11*1
T1_16 ~ mu12*1
T1_31 ~ mu13*1
T1_46 ~ mu14*1
T1_6 ~ mu15*1
T1_21 ~ mu16*1
T1_36 ~ mu17*1
T1_51 ~ mu18*1
T1_11 ~ mu19*1
T1_26 ~ mu110*1
T1_41 ~ mu111*1
T1_56 ~ mu112*1

T2_1 ~ mu21*1
T2_16 ~ mu22*1
T2_31 ~ mu23*1
T2_46 ~ mu24*1
T2_6 ~ mu25*1
T2_21 ~ mu26*1
T2_36 ~ mu27*1
T2_51 ~ mu28*1
T2_11 ~ mu29*1
T2_26 ~ mu210*1
T2_41 ~ mu211*1
T2_56 ~ mu212*1

mu24 == -1*(mu11 + mu12 + mu13 + mu14 +mu21 + mu22 + mu23)
mu28 == -1*(mu15 + mu16 + mu17 + mu18 +mu25 + mu26 + mu27)
mu212 == -1*(mu19 + mu110 + mu111 + mu112+ mu29 + mu210 + mu211)

mu14  == -1*(mu11 + mu12 + mu13) 
mu18  == -1*(mu15 + mu16 + mu17)
mu112  == -1*(mu19 + mu110 + mu111)
mu24 == -1*(mu21 + mu22 + mu23)
mu28  == -1*(mu25 + mu26 + mu27)
mu212  == -1*(mu29 + mu210 + mu211)

mu21 == -1*mu11
mu22 == -1*mu12
mu23 == -1*mu13
mu24 == -1*mu14
mu25 == -1*mu15
mu26 == -1*mu16
mu27 == -1*mu17
mu28 == -1*mu18
mu29 == -1*mu19
mu210 == -1*mu110
mu211 == -1*mu111
mu212 == -1*mu112
mu_i4 == -1*(mu_i1 + mu_i2 + mu_i3)
mu_i8 == -1*(mu_i5 + mu_i6 + mu_i7)
mu_i12 == -1*(mu_i9 + mu_i10 + mu_i11)
mu_o2_S == -1*(mu_o1_S)
mu_o2_A == -1*(mu_o1_A)
mu_o2_E == -1*(mu_o1_E)
     
## Item variances
S_iS := (mu_i1^2 + mu_i2^2 + mu_i3^2 + mu_i4^2) / 3
S_iA := (mu_i5^2 + mu_i6^2 +mu_i7^2 + mu_i8^2) / 3
S_iE := (mu_i9^2 + mu_i10^2 + mu_i11^2 + mu_i12^2) / 3

## i x o interaction variances
S_ioS:= (mu11^2 + mu12^2 + mu13^2 + mu14^2 + mu21^2 + mu22^2 + mu23^2 + mu24^2)/7 
S_ioA:= (mu15^2 + mu16^2+ mu17^2+ mu18^2+ mu25^2 + mu26^2+ mu27^2+ mu28^2)/7
S_ioE:= (mu19^2 + mu110^2 + mu111^2 + mu112^2 + mu29^2 + mu210^2 + mu211^2 + mu212^2)/7
 
## Occasion variances
S_o_S:= (mu_o1_A^2 + mu_o2_A^2 ) / 1
S_o_A:= (mu_o1_D^2 + mu_o2_D^2 ) / 1
S_o_E:= (mu_o1_E^2 + mu_o2_E^2 ) / 1
  
## Subscale P variances
F1~~F1_V*F1
F2~~F2_V*F2
F3~~F3_V*F3

## P x O variances                                                            OCC1_S~~OC_S*OCC1_S
OCC2_S~~OC_S*OCC2_S
OCC1_A~~OC_S*OCC1_A
OCC2_A~~OC_S*OCC2_A
OCC1_E~~OC_E*OCC1_E
OCC2_E~~OC_E*OCC2_E

## P X O covariances: For the p•×I°×O° and p•×I•×O° designs, delete occasion    ## covariances.
OCC1_S~~OC_12*OCC1_A
OCC1_S~~OC_13*OCC1_E
OCC1_A~~OC_23*OCC1_E
OCC2_S~~OC_12*OCC2_A
OCC2_S~~OC_13*OCC2_E
OCC2_A~~OC_23*OCC2_E
## Occasion covariances: For the p•×I°×O° or p•×I•×O° designs, delete occasion 
## covariances. 
occ_12cov:=((mu_o1_S)*(mu_o1_A) + (mu_o2_S)*(mu_o2_A))/2
occ_13cov:=((mu_o1_S)*(mu_o1_E) + (mu_o2_S)*(mu_o2_E))/2
occ_23cov:=((mu_o1_A)*(mu_o1_E) + (mu_o2_A)*(mu_o2_E))/2

## p x i interaction variances
  ITEM1 ~~ S_pi1*ITEM1
  ITEM2 ~~ S_pi1*ITEM2
  ITEM3 ~~ S_pi1*ITEM3
  ITEM4 ~~ S_pi1*ITEM4
  ITEM5 ~~ S_pi2*ITEM5
  ITEM6 ~~ S_pi2*ITEM6
  ITEM7 ~~ S_pi2*ITEM7
  ITEM8 ~~ S_pi2*ITEM8
  ITEM9 ~~ S_pi3*ITEM9
  ITEM10 ~~ S_pi3*ITEM10
  ITEM11 ~~ S_pi3*ITEM11
  ITEM12 ~~ S_pi3*ITEM12

## p x i x o interaction variances (+ error)
T1_1~~e_var1*T1_1
T1_16~~e_var1*T1_16
T1_31~~e_var1*T1_31
T1_46~~e_var1*T1_46
T1_6~~e_var2*T1_6
T1_21~~e_var2*T1_21
T1_36~~e_var2*T1_36
T1_51~~e_var2*T1_51
T1_11~~e_var3*T1_11
T1_26~~e_var3*T1_26
T1_41~~e_var3*T1_41
T1_56~~e_var3*T1_56

T2_1~~e_var1*T2_1
T2_16~~e_var1*T2_16
T2_31~~e_var1*T2_31
T2_46~~e_var1*T2_46
T2_6~~e_var2*T2_6
T2_21~~e_var2*T2_21
T2_36~~e_var2*T2_36
T2_51~~e_var2*T2_51
T2_11~~e_var3*T2_11
T2_26~~e_var3*T2_26
T2_41~~e_var3*T2_41
T2_56~~e_var3*T2_56
#### For p•×I•×O° and p•×I•×O• designs, the code below should be added.        
## Item covariances                                                           ## ITEM12cov:=((mu11)*(mu15) +(mu12)*(mu16) +(mu13)*(mu17) +(mu14)*(mu18))/(3*## 4)                                                                         ## ITEM13cov:=((mu11)*(mu19) +(mu12)*(mu110) +(mu13)*(mu111) +(mu14)*(mu112))/## (3*4)                                                                      ## ITEM23cov:=((mu15)*(mu19) +(mu16)*(mu110) +(mu17)*(mu111) +(mu18)*(mu112))/## (3*4)                                                                      ## p X I covariances                                                          ## ITEM1~~IT12_COR*ITEM5                                                      ## ITEM2~~IT12_COR*ITEM6                                                      ## ITEM3~~IT12_COR*ITEM7                                                      ## ITEM4~~IT12_COR*ITEM8                                                      ## ITEM1~~IT13_COR*ITEM9                                                      ## ITEM2~~IT13_COR*ITEM10                                                     ## ITEM3~~IT13_COR*ITEM11                                                     ## ITEM4~~IT13_COR*ITEM12                                                     ## ITEM5~~IT23_COR*ITEM9                                                      ## ITEM6~~IT23_COR*ITEM10                                                     ## ITEM7~~IT23_COR*ITEM11                                                     ## ITEM8~~IT23_COR*ITEM12                                                     ## PI12_COV_AD:=IT12_COR/4                                                    ## PI13_COR_AD:=IT13_COR/4                                                    ## PI23_COR_AD:=IT23_COR/4                                                                                                                                  #### For the p•×I•×O• design, the code below should be added as well.          ## item x occasion covariances                                                ## IO_12cov:=((mu11)*(mu15) + (mu12)*(mu16) +(mu13)*(mu17) +(mu14)*(mu18) + (m## u21)*(mu25) + (mu22)*(mu26) +(mu23)*(mu27) +(mu24)*(mu28))/(7*8)           ## IO_13cov:=((mu11)*(mu19) + (mu12)*(mu110) +(mu13)*(mu111) +(mu14)*(mu112) +## (mu21)*(mu29) + (mu22)*(mu210) +(mu23)*(mu211) +(mu24)*(mu212))/(7*8)      ## IO_23cov:=((mu15)*(mu19) + (mu16)*(mu110) +(mu17)*(mu111) +(mu18)*(mu112) +## (mu25)*(mu29) + (mu26)*(mu210) +(mu27)*(mu211) +(mu28)*(mu212))/(7*8)      ## p x I x O covariances                                                      ## T1_1 ~~ T1_6                                                               ## T1_16 ~~ T1_21                                                             ## T1_31 ~~ T1_36                                                             ## T1_46 ~~ T1_51                                                             ## T1_1 ~~ T1_11                                                              ## T1_16 ~~ T1_26                                                             ## T1_31 ~~ T1_41                                                             ## T1_46 ~~ T1_56                                                             ## T1_6 ~~ T1_11                                                              ## T1_21 ~~ T1_26                                                             ## T1_36 ~~ T1_41                                                             ## T1_51 ~~ T1_56                                                             ## T2_1 ~~ T2_6                                                               ## T2_16 ~~ T2_21                                                             ## T2_31 ~~ T2_36                                                             ## T2_46 ~~ T2_51                                                             ## T2_1 ~~ T2_11                                                              ## T2_16 ~~ T2_26                                                             ## T2_31 ~~ T2_41                                                             ## T2_46 ~~ T2_56                                                             ## T2_6 ~~ T2_11                                                              ## T2_21 ~~ T2_26                                                             ## T2_36 ~~ T2_41                                                             ## T2_51 ~~ T2_56'
#### Formulas for G and D coefficients and proportions of measurement error. 
## The values defined with ':=' below will produce confidence intervals for
## the indices shown when using the 'monteCarloCI' command on the next page.
## The formulas shown after cal<-'are intended for situations where 
## there are four items for each subscale. If you are conducting research 
## using a partially crossed design in which two out of four items are 
## randomly assigned to participants, you can replace the divisor 4 with 2.   
cal <- '
p_VAR:=((COV_12 +COV_13 +COV_23)*2+F1_V+F2_V+F3_V)/9
pi_VAR:=(S_pi1 +S_pi2 + S_pi3)/9
po_VAR:=((OC_12 +OC_13 +OC_23)*2+OC_S+OC_A+OC_E)/9
pio_VAR:=(e_var1 +e_var2 +e_var3)/9
i_VAR:=(S_iS+ S_iA+ S_iE)/9
o_VAR:=(S_o_S+ S_o_A+ S_o_E+(occ_12cov+occ_13cov+occ_23cov)*2)/9
oi_VAR:=(S_ioS+ S_ioA+ S_ioE)/9
GSUM:=p_VAR + po_VAR + pi_VAR/4+ pio_VAR/4
G_COEF:=p_VAR/GSUM
SFE:=(pi_VAR/4)/GSUM
TE:=po_VAR/GSUM
RRE:=(pio_VAR/4)/GSUM
terror:=SFE+TE+RRE
D_coef:=p_VAR/(GSUM+o_VAR+i_VAR/4+oi_VAR/4)

ass_G:=(F2_V)/(F2_V+S_pi2/4+OC_A+e_var2/4)
ass_SFE:=(S_pi2/4)/(F2_V+S_pi2/4+OC_A+e_var2/4)
ass_TE:=(OC_A)/(F2_V+S_pi2/4+OC_A+e_var2/4)
ass_RRE:=(e_var2/4)/(F2_V+S_pi2/4+OC_A+e_var2/4)
ass_TTE:=(OC_A+S_pi2/4+e_var2/4)/(F2_V+S_pi2/4+OC_A+e_var2/4)
ass_D:=(F2_V)/(F2_V+S_pi2/4+OC_A+e_var2/4 + S_iA/4 + S_o_A + S_ioA/4)

ene_G:=(F3_V)/(F3_V+S_pi3/4+OC_E+e_var3/4)
ene_SFE:=(S_pi3/4)/(F3_V+S_pi3/4+OC_E+e_var3/4)
ene_TE:=(OC_E)/(F3_V+S_pi3/4+OC_E+e_var3/4)
ene_RRE:=(e_var3/4)/(F3_V+S_pi3/4+OC_E+e_var3/4)
ene_TTE:=(OC_E+S_pi3/4+e_var3/4)/(F3_V+S_pi3/4+OC_E+e_var3/4)
ene_D:=(F3_V)/(F3_V+S_pi3/4+OC_E+e_var3/4 + S_iE/4 + S_o_E + S_ioE/4)

soc_G:=(F1_V)/(F1_V+S_pi1/4+OC_S+e_var1/4)
soc_SFE:=(S_pi1/4)/(F1_V+S_pi1/4+OC_S+e_var1/4)
soc_TE:=(OC_S)/(F1_V+S_pi1/4+OC_S+e_var1/4)
soc_RRE:=(e_var1/4)/(F1_V+S_pi1/4+OC_S+e_var1/4)
soc_TTE:=(OC_S+S_pi1/4+e_var1/4)/(F1_V+S_pi1/4+OC_S+e_var1/4)
soc_D:=(F1_V)/(F1_V+S_pi1/4+OC_S+e_var1/4 + S_iS/4 + S_o_S + S_ioS/4)
'
#### The code below calculates the composite cut-score-specific D coefficient ## on the item scale metric. The code shown is for a cut score of 3.5, but it ## can be modified by substituting other values for the cut score. The
## inclusion of “varmean” in the formula represents a correction of bias (see ## page 34).

cut_d<-'
cutscore:= 3.5
mean:= (Mu1 + Mu2 + Mu3)/3
varmean:= (p_VAR + po_VAR)/346 + (pi_VAR + pio_VAR)/(346*4) + (i_VAR + io_VAR)/4 + o_VAR
cut_D_coef:= (p_VAR+(mean-cutscore)^2-varmean)/((p_VAR+(mean-cutscore)^2-varmean)+(pi_VAR +i_VAR+ pio_VAR +io_VAR)/4 + po_VAR +o_VAR)
'
#### The code that follows represents information for using alternative 
## estimation methods: ULS, ML, WLSMV, Bayesian.
## FIML is only available with ML and MLR. Bayesian estimation procedures in R
## automatically handle missing data in a similar fashion.

## ULS
fitGT1 <- lavaan(model = c(model, cal), orthogonal = "TRUE", data = mydata_pio_wide, estimator= "ULS")
## ML
## fitGT1 <- lavaan(model = model, orthogonal = "TRUE", data = mydata_pio_wide## , estimator= "ML", missing="FIML")
## WLSMV
## fitGT1 <- lavaan(model = model, orthogonal = "TRUE", data = mydata_pio_wide## , estimator= "WLSMV", ordered= names(mydata_pio_wide), parameterization =  ## "theta"))
## Bayesian.                                                                  ## fitGT1<- bcfa(model=model, data= mydata_pio_wide, n.chains=3, sample=1000, ## burnin =1000, target="jags", cp="fa", orthogonal=T)
#### Monte Carlo Confidence Intervals (ULS estimation)              
monte_pio<-monteCarloCI(fitGT1, level=0.80)
monte_pio[21:nrow(monte_pio),]
##            est ci.lower ci.upper
## G_COEF   0.836    0.822    0.851
## SFE      0.069    0.065    0.072
## TE       0.048    0.032    0.064
## RRE      0.047    0.042    0.052
## terror   0.164    0.149    0.178
## D_coef   0.821    0.806    0.834
## uni2_G   0.717    0.686    0.748
## uni2_SFE 0.123    0.110    0.137
## uni2_TE  0.051    0.013    0.088
## uni2_RRE 0.109    0.091    0.127
## uni2_TTE 0.283    0.252    0.314
## uni2_D   0.708    0.676    0.738
## uni3_G   0.677    0.641    0.714
## uni3_SFE 0.172    0.155    0.188
## uni3_TE  0.025   -0.021    0.069
## uni3_RRE 0.127    0.106    0.148
## uni3_TTE 0.323    0.286    0.359
## uni3_D   0.652    0.616    0.686
## uni1_G   0.771    0.747    0.795
## uni1_SFE 0.129    0.119    0.140
## uni1_TE  0.036    0.008    0.065
## uni1_RRE 0.064    0.050    0.077
## uni1_TTE 0.229    0.205    0.253
## uni1_D   0.729    0.705    0.751

[bookmark: _Toc127542299]4.  Scale viability indices
Using the G and D coefficients previously calculated, PRMSE (proportionalreduction in mean squared error) and VAR (value-added ratio) indices can be computed using the code shown below.

## p•×I° design                                                                
rel_1<- monte["soc_g",1] #PRMSE_s(soc)
rel_2<- monte["ass_g",1] #PRMSE_s(ass)
rel_3<- monte["ene_g",1] #PRMSE_s(ene)
rel_0<-monte["G_COEF",1]

facet1.dat <- bfi2_ext_n[,c(paste0("T1_",c(1,16,31,46)))] 
facet2.dat <- bfi2_ext_n[,c(paste0("T1_",c(6,21,36,51)))]
facet3.dat <- bfi2_ext_n[,c(paste0("T1_",c(11,26,41,56)))]

score.X1 <- rowSums( facet1.dat )
Var.X1 <- stats::var( score.X1 ) *rel_1
score.X2 <- rowSums( facet2.dat )
Var.X2 <- stats::var( score.X2 ) *rel_2
score.X3 <- rowSums( facet3.dat )
Var.X3 <- stats::var( score.X3 ) *rel_3
score.0 <- rowSums(bfi2_ext_n[,1:12] )
Var.0 <- stats::var( score.0 ) *rel_0

cov12 <-cov(score.X1,score.X2)
cov13 <-cov(score.X1,score.X3)
cov23 <-cov(score.X2,score.X3)

prmse_1 = rel_0*(Var.X1+cov12+cov13)^2/(Var.X1*Var.0) #PRMSE_c(soc)
## [1] 0.7699115
prmse_2 = rel_0*(Var.X2+cov12+cov23)^2/(Var.X2*Var.0) #PRMSE_c(ass)
## [1] 0.6798359
prmse_3 = rel_0*(Var.X3+cov23+cov13)^2/(Var.X3*Var.0) #PRMSE_c(ene)
## [1] 0.6314225
rel_1/prmse_1 #VAR(soc)
## [1] 1.035155
rel_2/prmse_2 #VAR(ass)
## [1] 1.128697
rel_3/prmse_3 #VAR(ene)
## [1] 1.067118
## p•×I°×O• design              
rel_1<- monte_pio["uni1_G",1] #PRMSE_s(soc)
rel_2<- monte_pio["uni2_G",1] #PRMSE_s(ass)
rel_3<- monte_pio["uni3_G",1] #PRMSE_s(ene)
rel_0<-monte_pio["G_COEF",1]

facet1.dat <- bfi2_ext_n[,c(paste0("T1_",c(1,16,31,46)), 
                     paste0("T2_",c(1,16,31,46)))] 
facet2.dat <- bfi2_ext_n[,c(paste0("T1_",c(6,21,36,51)),  
                     paste0("T2_",c(6,21,36,51)))]
facet3.dat <- bfi2_ext_n[,c(paste0("T1_",c(11,26,41,56)), 
                     paste0("T2_",c(11,26,41,56)))]

score.X1 <- rowSums( facet1.dat )
Var.X1 <- stats::var( score.X1 ) *rel_1
score.X2 <- rowSums( facet2.dat )
Var.X2 <- stats::var( score.X2 ) *rel_2
score.X3 <- rowSums( facet3.dat )
Var.X3 <- stats::var( score.X3 ) *rel_3

score.0 <- rowSums(bfi2_ext_n[,1:24])
Var.0 <- stats::var( score.0 ) *rel_0

cov12 <-cov(score.X1,score.X2)
cov13 <-cov(score.X1,score.X3)
cov23 <-cov(score.X2,score.X3)

prmse_1 = rel_0*(Var.X1+cov12+cov13)^2/(Var.X1*Var.0) #PRMSE_tot(soc)
## [1] 0.794962
prmse_2 = rel_0*(Var.X2+cov12+cov23)^2/(Var.X2*Var.0) #PRMSE_tot(ass)
## [1] 0.7007248
prmse_3 = rel_0*(Var.X3+cov23+cov13)^2/(Var.X3*Var.0) #PRMSE_tot(ene)
## [1] 0.6510906          

rel_1/prmse_1 #VAR(soc)
## [1] 0.969705
rel_2/prmse_2 #VAR(ass)
## [1] 1.023051
rel_3/prmse_3 #VAR(ene)
## [1] 1.039936                            
[bookmark: _Toc127542300]5.  Formulas multivariate GT designs for one and two facet 

[bookmark: _Toc127541928][bookmark: _Toc127542301]5.1  Formulas for composite score variance components                                     



5.2  Formulas for effective weights
This section includes examples of computing effective weights for universe score, relative error, and absolute error variances in multivariate GT one and two facet designs. For each design and type of variance, a general formula is given first, followed by an example for Subscale 1 when there are three subscales in the design. Estimates would be substituted for all parameters shown in the equations.

Design
Universe score effective weight formula. 
General form:
	
Example using Subscale 1

		
Relative error effective weight formula.
General form:
 	
Example using Subscale 1
	


Absolute error effective weight formula.
General form:
	
Example using Subscale 1
	


Design 
Universe score effective weight formula. 
General form:
	
Example using Subscale 1

		
Relative error effective weight formula.
General form:

 	
Example using Subscale 1

	
Absolute error effective weight formula.
General form:

	
Example using Subscale 1




Design
Universe score effective weight formula. 
General form:
	


Example using Subscale 1

		
Relative error effective weight formula. 
General form:

                        
Example using Subscale 1

	 
Absolute error effective weight formula. 
General form:

	


Example using Subscale 1
=
      


Design
Universe score effective weight formula. 
General form:
	
Example using Subscale 1

		
Relative error effective weight formula. 
General form:

                        


Example using Subscale 1

	 
Absolute error effective weight formula. 
General form:

	
Example using Subscale 1
=
      


Design
Universe score effective weight formula. 
General form:
	


Example using Subscale 1


Relative error effective weight formula. 
General form:

                     
 Example using Subscale 1

	 
Absolute error effective weight formula. 
General form:

	
Example using Subscale 1
=
      

[bookmark: _Toc127542302]5.3  Formulas for cut-score-specific D coefficients
[bookmark: _Toc135037101]This section includes formulas for cut-score-specific D coefficients for multivariate designs. These formulas also can be applied to univariate designs by substituting subscale level variance components for the composite level variance components appearing in the equations. 

Multivariate One Facet Design







Multivariate Two Facet Design


 





Abbreviations used throughout the supplement
GT: Generalizability Theory
BFI-2 or BFI2: Updated version of the Big Five Inventory (Soto & John, 2017)
p or P: Person
i or I: Item
o or O: Occasion
C: Composite
S: Subscale
Ass: Assertiveness
Ene: Energy Level
Soc: Sociability
SFE: Specific-factor error
TE: Transient error
RRE: Random-response error
terror: Total error
f: Subscale/personality facet
G: Generalizability coefficient
D: Dependability coefficient
ew: Effective Weight
DV: Dependent variable
PRMSE: Proportional reduction in root mean-squared error
VAR or Var: Variance or Value-added ratio depending on the context
COV or Cov: Covariance
ULS: Unweighted least squares estimation
WLSMV: Robust diagonally weighted least squares estimation in lavaan

[bookmark: references][bookmark: _Toc71986119]
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