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Recent developments in Item Response Theory (IRT) have made the application of a family of unidimensional unfolding IRT models accessible to a variety of substantive researchers. Unfolding models rely upon ideal point theory, which argues that the probability of a person endorsing an item is nonlinearly related to the distance between a person's location and an item's location on some latent continuum (Coombs, 1964; Roberts, Donoghue, & Laughlin, 2000). That is, in contrast to more traditional IRT models where the probability of endorsing an item monotonically increases as the distance between a person's location and an item's location tends toward positive infinity, in unfolding models the probability of endorsing an item increases as the distance between a person's location and an item's location tends towards zero and decreases as the distance tends towards either positive or negative infinity. Thus, the unfolding model can be logically applied to items that measure attitudes or personality factors, where there's no right or wrong answer, but rather just variations of a person's level of agreement with an item.     

The most flexible of these models, the Generalized Graded Unfolding Model (GGUM), was developed by Roberts et al. (2000) and can be estimated by the freeware program GGUM2004 (Roberts, Fang, Cui, & Wang, 2006). The GGUM has been applied to a variety of psychological data including responses to personality measures (Stark, Chernyshenko, Drasgow, & Williams, 2006), job satisfaction measures (Carter & Dalal, 2010), and measures of perceptions of leader-member exchange (Scherbaum, Finlinson, Barden, & Tamanini, 2006). In fact, when applied to these measures the GGUM has displayed superior model-data fit, higher reliability across the trait continuum, and better predictive modeling compared to dominance IRT models (Stark et al., 2006). However, despite its widespread use and notable advantages over dominance models, there still remain a number of methodological questions concerning the appropriateness of estimating the GGUM on survey response data; questions focusing on the number of respondents, items, and item categories and assumption violations such as a misspecified prior distribution for theta are still largely unanswered. 


Fortunately those questions and others can be investigated and answered by simulation studies. However, generating and reading the data into the GGUM2004 program (Roberts et al., 2006) can be both tedious and time consuming. At worst, to simulate and test unfolding data a researcher has to first generate their response data according to the GGUM model, format there data so that it can be read by GGUM2004, and then manually enter their response data file by file as every run of GGUM2004 writes over the previous results, and record the parameter estimates for each file. Thus, it requires quite a commitment to simulate unfolding response data and subsequently estimate the GGUM on that data. 

In response to both the lack of simulation studies and increasing time commitment to conduct such studies, we developed SIMGUM. SIMGUM is a user-defined R function written in the free software programming language, R (R Core Team, 2012). As will be detailed below, SIMGUM can simulate numerous response datasets according to the GGUM, automatically read the simulated datasets into GGUM2004 (Roberts et al., 2006), retrieve the Theta, Delta, Alpha, and Tau estimates generated by GGUM2004, and calculate the estimate biases, root mean squar error (RMSE), and estimate-parameter correlations. Additionally, SIMGUM saves all of the generated data in a user-defined location.   

SIMGUM Description 
Conceptual Overview 


The SIMGUM program generates a response dataset according to the GGUM:
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As can be determined from equation 1, the probability of an individual's response, [image: image3.png]


, is conditioned upon their standing on some latent trait, [image: image5.png]


, the discrimination parameter, [image: image7.png]


, the location parameter, [image: image9.png]


, and the threshold parameters [image: image11.png]


. So, in order for a probability to be generated the user must provide SIMGUM with a file that contains all of the item parameters. The person parameter, [image: image13.png]


, is internally generated by SIMGUM from a normal distribution with a mean and standard deviation that can be set by the user. Once all of the parameters have been set, SIMGUM then generates the probability that respondent j will endorse option k of item i. To ensure that the item responses follow a categorical, the SIMGUM program uses inversion sampling where k non-normalized probabilities are generated from equation 1. Next, each k probability is divided by a normalizing constant. Further, the normalized probabilities are converted to a cumulative probabilities by replacing each probability with the sum of the previous probabilities and itself; these numbers now represent the probability of endorsing the kth item category. Finally, each cumulative probability is compared to a random uniform number between zero and one. The first probability greater than or equal to the random uniform number is chosen and the item category associated with that number is recorded as the person's item response. For example, if the normalized probabilities were 0.30, 0.40, and 0.30 then the cumulative probabilities would be 0.30, 0.70, and 1.00. SIMGUM would then generate a random uniformly distributed number from 0 to 1, such as 0.5, and compare it to each of the cumulative probabilities. SIMGUM then locates the first response category that corresponds to a cumulative probability that is greater than or equal to 0.5 and assigns the person that response category. In this example that response category would be 1. Once all of the responses for every respondent have been generated SIMGUM executes GGUM2004, sends it the response file, and then retrieves and stores the parameter estimates from GGUM 2004.        

Depending on the number of simulations the user wants, SIMGUM will loop through the above steps for N simulations. Once all of the simulations have been completed, SIMGUM will calculate and return the parameter biases, RMSE, and parameter estimate correlations. 
Technical Overview

However, before SIMGUM can execute the above steps there are a few precursory steps. First, the user must create the parameter file. This can be accomplished in two ways. The first way requires that the user already have a parameter file generated by GGUM2004, in which case the user can just use the estimates as the true parameters for their simulation. The second way requires that the user create their own parameter file and save it as a comma-separated values (CSV) file in Excel. However, in order for the CSV file to be read in correctly it must be formatted according to figure 1. 

That is, there need to be five columns labeled: Item, Number, Parameter Label, Parameter, and Alpha. As can be seen from figure 1, the first column only consists of two character strings, ITEM# and THRESHOLD. The second column consists of the actual item numbers (1 to i) as well as the number of response categories (1 to k). The third column consists of only two character strings, Tau and Delta, that provide labels for their corresponding parameter values. Note that for identification purposes the first Tau value must be set to zero (Roberts et al., 2000). The fourth column provides the actual parameter values for Delta and Tau. Finally, the fifth column provides parameter values for Alpha. It's imperative that every character string entered after the first row be capitalized as the R programming language is case sensitive and will not recognize Delta and DELTA as the same character string. Further, in the Alpha column, it's necessary that any blank spaces be filled with NA, which R recognizes as a missing value. 


With the parameter file created, the user must next create the command file that GGUM2004 will read. The GGUM2004 command file also requires special formatting. The exact specifications can be found under the "Command Index" in the GGUM2004 Technical Reference Manual (Roberts et al., 2006). The command file will be unique to every simulation condition, so it's incumbent upon the user to provide the correct specifications. However, the response data file generated by SIMGUM and subsequently analyzed by GGUM2004 will always be in the Fortran format: (i4, 2x, XXi1), where XX corresponds to the number of items. Further, the user must specify the signs of the initial item locations in the command file.  


Now, with both the parameter and command files created the user should open R. However, due to GGUM2004 programming requirements it may be necessary to open R as an administrator. This is only necessary if GGUM2004 requires administrator access to work. With R open the user must then run the SIMGUM program, which can be found in appendix A of this article. All this entails is that the user copy and paste the program from this article directly into the command line interface of R. Once the program is run once it does not need to be rerun unless the user closes the R interface. 

Next, the user need only specify a single line of code for the simulations to begin: 

SIMGUM(parameterfile="", ggumresultlocation="",cmdfilelocation=" ",numresp=,thetamean=,thetasd=,sim=,simresultlocation="")
The above command requires eight arguments. The first argument, parameterfile, requires the user to input the location of their parameter file. The second argument, ggumresultlocation, requires that the user input the location where GGUM2004 stores all of its results. By default this should be in the TEMPFILE located in the GGUM2004 directory. The third argument, cmdfilelocation, requires that the user input the location of the command file they created for GGUM2004. The fourth argument, numresp, allows the user to specify the total number of respondents to be simulated. Theoretically, SIMGUM could generate any number of respondents, but currently GGUM2004 can only handle 2,000 respondents (Roberts et al., 2006). The fifth and sixth arguments, thetamean and thetasd, respectively, allow the user to define the mean and standard deviation of the prior theta distribution from which responses will be generated. As GGUM is a parametric item response model it requires a defined prior distribution for theta. Following Roberts et al. (2000), we created SIMGUM to generate theta values from a normal distribution. The seventh argument, ‘sim,’ allows the user to set the total number of simulations they would like to conduct. The final argument, simresultlocation, requires the user to define the location where SIMGUM will store the generated response files and simulation results. Additionally, whenever a user provides a file or program location they must replace the \ with a / or \\, as R recognizes \ as a special character and will not read it as part of a file or program location.   

Simulation Example


In order to demonstrate the adequacy of the SIMGUM program, we used it to simulate 100 datasets each with 2,000 respondents, 20 items, and six response categories for each item. We used the simulated parameters found in Carter and Zickar (2011) as our item parameters. The total runtime for the program was 46 minutes. Tables 2 through 4 provide the results of the simulation. We only provided the average theta bias and RMSEA (Table 3) because for each simulation 2,000 new theta parameters were created and subsequently estimated. Table 1 contains the parameter values used for the simulation. The average bias across all of the items ranged from -0.03 to 0.01 (Tables 2-3) and the average RMSEA ranged from 0.04 to 0.15 (Tables 2-3). Finally, the GGUM estimates were highly correlated with their parameters with δ correlating the strongest at 0.999 and τ1 correlating the weakest at 0.915 (Table 4). Thus, from these results we can conclude that with a large number of respondents and items as well as an average amount of response categories for each item SIMGUM can quickly and efficiently generate response datasets to be analyzed by GGUM2004 and recover the estimated parameters in order to calculate bias, RMSE, and correlation statistics. 
Discussion 


Currently, there's no program available that allows researchers to easily simulate response data according to the GGUM and analyze it using GGUM2004. Such options are regularly available on commercial software products such as LISREL, which allows researchers to simulate and subsequently read the data into LISREL through PRELIS, and Mplus which has a built-in Monte Carlo function that allows researchers to easily conduct a variety of simulations. As we've demonstrated above, the SIMGUM program easily and efficiently generates GGUM response datasets and interfaces with GGUM2004 to analyze the data and save the parameter estimates to calculate bias, RMSEA, and correlation statistics. Moreover, researchers will also be able to conduct power analyses with relative ease. 


Additionally, there are a few added benefits to SIMGUM being written in the R programming language. That is, with even limited knowledge of R a researcher could make modifications to the SIMGUM code to allow it to access other files created by GGUM2004 such as the various item and person fit statistics. Moreover, to create mixed theta distributions a researcher could potentially make two or more theta vectors that are generated by the same distribution only with different parameters (such as different means and standard deviations) or different distributions entirely and then combine the different theta vectors for SIMGUM to generate item responses from. Modifying SIMGUM in this way would allow researchers to examine what happens when the assumption of a standard normal theta prior is violated. Further, with the addition of a few extra lines of code, a researcher could generate missingness in the response datasets in order to examine its effects on GGUM2004 estimates. Thus, the different modifications a researcher code make are theoretically limited only by the researchers creativity and familiarity with R. 
Conclusion

With the SIMGUM program and GGUM2004, researchers can now simulate and examine the conditions under which the GGUM is tenable. With the flexibility that both R and GGUM2004 provide, testing various assumption violations and other simulation conditions will proceed with far less complexity and far more efficiency. With this progress will come an increased understanding of the GGUM and with it a potential for growth in its application to psychological survey data.  
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Appendix A
SIMGUM Program: 
SIMGUM <- function(parameterfile,userfile=TRUE,ggumlocation,ggumresultlocation,cmdfilelocation, numresp,thetamean,thetasd,sim, simresultlocation){

options(scipen=999)

if (!userfile) {

ds <- read.table(parameterfile, skip=4, fill=T, sep="=", comment.char="")

write.table(ds,'P2File.txt',quote=F, col.names=F)

ds <- read.table('P2File.txt',sep="", fill=T, comment.char="")

par <- ds[,c(2,3,6,7,11)]

} else{ 

par <- read.csv(parameterfile) 

}

names(par) <- c('Item','Number','Parameter','Estimate','Alpha')

Delta <- par[par$Parameter == 'DELTA',]

Alpha <- par[is.na(par$Alpha) == FALSE,]

Tau <- par[par$Parameter == 'TAU',]

Delta <- Delta[,c(2,4)]

names(Delta) <- c('Item', 'Delta')

Alpha <- Alpha[,c(2,5)]

names(Alpha) <- c('Item', 'Alpha')

Tau <- Tau[,c(2,4)]

ni <- nrow(Alpha) 

nr <- max(Tau[,1])

PareDelta <- data.frame(matrix(Delta[,2],nrow=sim, ncol=ni,byrow=T))

PareAlpha <- data.frame(matrix(Alpha[,2],nrow=sim, ncol=ni,byrow=T))

PareTau <- data.frame(matrix(Tau[,2],nrow=sim,ncol=(ni*nr),byrow=T)) 

DeltaMat <- data.frame(matrix(nrow=sim,ncol=ni)) 

AlphaMat <- data.frame(matrix(nrow=sim,ncol=ni)) 

TauMat.1 <- data.frame(matrix(nrow=sim,ncol=(ni*nr))) 

ThetaMat <- data.frame(matrix(nrow=sim,ncol=numresp)) 

names(DeltaMat) <- paste('Item',rep(1:ni),sep="")

names(AlphaMat) <- paste('Item',rep(1:ni),sep="")

names(TauMat.1) <- paste('I',rep(1:ni,each=nr), 'Res',rep(1:nr),sep="")

Tau$Item <- rep(1:ni, each=nr) #Need to change for macro

TauMat <- matrix(nrow=nr, ncol=ni)

for(j in 1:ni){ 

for(i in 1:nr){ 

TauMat[i,j] <- Tau$Estimate[i+((j-1)*nr)]

}

}

CumTau <- matrix(nrow=nr,ncol=ni) 

for(j in 1:ni){ 

for(i in 1:nr){

CumTau[i,j] <- sum(TauMat[1:i,j])

}

}

c <- nr-1

w <- nr

z <- nr

M <- (2*c)+1

ResponseVector <- matrix(nrow=(ni*numresp), ncol=1)

pcheck <- matrix(nrow=(ni*numresp), ncol=1)

PareTheta <- data.frame(matrix(Theta,nrow=sim, ncol=numresp))

for(sims in 1:sim){

Theta <- rnorm(numresp,thetamean,thetasd)

PareTheta[sims,] <- Theta

for (item in 1:ni){ 

probmat <- matrix(nrow= (length(Theta)),ncol=nr)

for(j in 1:nr){ 

for(g in 1:length(Theta)){ 

probmat[g,j] <- exp(Alpha[item,2]*(((j-1)*(Theta[g]-Delta[item,2]))- CumTau[j,item])) + exp(Alpha[item,2]*(((M-(j-1))*((Theta[g]-Delta[item,2]))- CumTau[j,item])))

}

}

probmat <- data.frame(probmat) 

probmat$Den <- rowSums(probmat)

FinalProb <- probmat/probmat$Den 

names(FinalProb) <- c(paste('R',seq(nr),sep=""))

FinalProb <- FinalProb[,-ncol(FinalProb)]

tProb <- t(FinalProb) 

CumProb <- matrix(nrow=nrow(tProb), ncol=ncol(tProb))

for(j in 1:ncol(tProb)){ 

for(i in 1:nrow(tProb)){ 

CumProb[i,j] <- sum(tProb[1:i,j])

}

}

setwd(simresultlocation)

Itemds <- numeric() 

Itemds <- rep(1:ni,each=length(Theta))

DS <- cbind(Itemds,Theta)

FinalDS <- data.frame(DS)

pcomp <- runif(length(Theta),0,1)

pcheck[(1+(item-1)*length(Theta)):(length(Theta)+(item-1)*length(Theta))] <- pcomp

for (i in 1:(length(Theta))){

ResponseVector[(i+((item-1)*length(Theta)))] <- (min(which((round(pcomp[i],15) <= round(CumProb[,i],20)) == TRUE))-1)

}

}

ObsRes <- data.frame(FinalDS$Theta,ResponseVector)

names(ObsRes) <- c('Theta', 'OR')

FinalRes <- data.frame(matrix(nrow=length(Theta),ncol=(ni+1)))

for (j in 1:ni){ 

FinalRes[1:length(Theta),1+j]<- ObsRes[(1+(length(Theta)*(j-1))):(length(Theta)+(length(Theta)*(j-1))),2] 

}  

FinalRes[,1] <- Theta 

names(FinalRes) <- c('Theta', paste('I',seq(ni),sep=""))

FinalRes1 <- FinalRes[,-1]

write.csv(FinalRes, paste('Simulated GGUM Responses_',sims,'.csv',sep=""),row.names=FALSE) 

write.table(FinalRes1, 'INDATA.txt',quote=T,sep="", col.names=F,row.names=F) 

FR2 <- read.table('INDATA.txt',colClass='character') 

test <- row(FR2)

FR2 <- cbind(sprintf("%04d", test),FR2)

write.table(FR2,paste('INDATA_',sims,'.DAT',sep=""),sep='  ',row.names=F,col.names=F,quote=F)

write.table(FR2,'GGUMDATA.DAT',sep='  ',row.names=F,col.names=F,quote=F)

system(paste("\"",ggumlocation,"\" \"",cmdfilelocation,"\" \"",ggumresultlocation,"\"",sep=""),show.output.on.console = F)

ds.p <- read.table(paste(ggumresultlocation,"/FT16F001",sep=""), skip=4, fill=T, sep="=", comment.char="")

write.table(ds.p,'PFile.txt',quote=F, col.names=F)

ds.p <- read.table('PFile.txt',sep="", fill=T, comment.char="")

ds.t <- read.table(paste(ggumresultlocation,"/FT17F001",sep=""), skip=4, fill=T, sep="=", comment.char="")

write.table(ds.t,'TFile.txt',quote=F, col.names=F)

ds.t <- read.table('TFile.txt',sep="", fill=T, comment.char="")

Theta.0 <- ds.t[,c(5,7)]

names(Theta.0) <- c('Theta', 'ThetaSD')

Theta.1 <- Theta.0[,1]

missingresp <- which(is.na(match(1:numresp,ds.t[,3])) == TRUE)

if (length(missingresp) > 0) { 

for (l in 1:length(missingresp)){ 

Theta.1 <- append(Theta.1,NA,after=(missingresp[l]-1))

}

} else { Theta.1 <- Theta.1

}

par.1 <- ds.p[,c(2,3,6,7,11)]

names(par.1) <- c('Item','Number','Parameter','Estimate','Alpha')

Delta.1 <- par.1[par.1$Parameter == 'DELTA',]

Alpha.1 <- par.1[is.na(par.1$Alpha) == FALSE,]

Tau.1 <- par.1[par.1$Parameter == 'TAU',]

Delta.1 <- Delta.1[,c(2,4)]

names(Delta.1) <- c('Item', 'Delta')

Alpha.1 <- Alpha.1[,c(2,5)]

names(Alpha.1) <- c('Item', 'Alpha')

Tau.1 <- Tau.1[,c(2,4)]

DeltaMat[sims,1:(nrow(Delta.1))] <- Delta.1[,2]

TauMat.1[sims,1:(nrow(Tau.1))] <- Tau.1[,2]

AlphaMat[sims,(1:nrow(Alpha.1))] <- Alpha.1[,2] 

ThetaMat[sims,(1:length(Theta.1))] <- Theta.1 
}

BiasDelta <- DeltaMat - PareDelta 

BiasAlpha <- AlphaMat - PareAlpha 

BiasTau <- TauMat.1 - PareTau

BiasTheta <- ThetaMat - PareTheta

RMSEADelta <- sqrt((BiasDelta)^2)

RMSEAAlpha <- sqrt((BiasAlpha)^2)

RMSEATau <- sqrt((BiasTau)^2)

RMSEATheta <- sqrt((BiasTheta)^2)

RMSEADeltaA <- ((BiasDelta)^2)

RMSEAAlphaA <- ((BiasAlpha)^2)

RMSEATauA <- ((BiasTau)^2)

RMSEAThetaA <- ((BiasTheta)^2)

AvgRMSEADeltaA <- sqrt(colSums(RMSEADeltaA)/sim)

AvgRMSEAAlphaA<- sqrt(colSums(RMSEAAlphaA)/sim)

AvgRMSEATauA <- sqrt(colSums(RMSEATauA)/sim)  

AvgRMSEAThetaA <- sqrt(colSums(RMSEAThetaA, na.rm=T)/sim)

AvgBiasDelta <- colSums(BiasDelta)/sim

AvgBiasAlpha <- colSums(BiasAlpha)/sim

AvgBiasTau <- colSums(BiasTau)/sim 

AvgBiasTheta <- colSums(BiasTheta, na.rm=T)/sim 

AvgRMSEADelta <- colSums(RMSEADelta)/sim

AvgRMSEAAlpha<- colSums(RMSEAAlpha)/sim

AvgRMSEATau <- colSums(RMSEATau)/sim  

AvgRMSEATheta <- colSums(RMSEATheta, na.rm=T)/sim

AvgBias <- c(AvgBiasDelta,AvgBiasAlpha,AvgBiasTau, AvgBiasTheta)

names(AvgBias) <- c(paste('DeltaBias_I',rep(1:ni),sep=""),paste('AlphaBias_I',rep(1:ni),sep=""),paste('TauBias_I',rep(1:ni,each=nr),"R",rep(1:nr),sep=""),paste('ThetaBias_P', rep(1:numresp),sep=""))

RMSEA <- c(AvgRMSEADelta,AvgRMSEAAlpha,AvgRMSEATau, AvgRMSEATheta)

names(RMSEA) <- c(paste('DeltaRMSE_I',rep(1:ni),sep=""),paste('AlphaRMSE_I',rep(1:ni),sep=""),paste('TauRMSE_I',rep(1:ni,each=nr),"R",rep(1:nr),sep=""),paste('RMSETheta_P', rep(1:numresp),sep=""))

Parevecdelta <-matrix(nrow=(sim*ni),ncol=1) 

Parevecalpha <-matrix(nrow=(sim*ni),ncol=1)

Parevectau <-matrix(nrow=(sim*ni*nr),ncol=1)

Parevectheta <-matrix(nrow=(sim*numresp),ncol=1)

vecdelta <-matrix(nrow=(sim*ni),ncol=1) 

vecalpha <-matrix(nrow=(sim*ni),ncol=1)

vectau <-matrix(nrow=(sim*ni*nr),ncol=1)  

vectheta <- matrix(nrow=(sim*numresp),ncol=1)

for (l in 1:ni){ 

Parevecdelta[(1+((l-1)*sim)):(sim+((l-1)*sim)),1] <- PareDelta[1:sim,l]

Parevecalpha[(1+((l-1)*sim)):(sim+((l-1)*sim)),1] <- PareAlpha[1:sim,l]

}

for (l in 1:(ni*nr)){ 

Parevectau[(1+((l-1)*sim)):(sim+((l-1)*sim)),1] <- PareTau[1:sim,l]

}

for (l in 1:numresp){ 

Parevectheta[(1+((l-1)*sim)):(sim+((l-1)*sim)),1] <- PareTheta[1:sim,l]

}

for (l in 1:ni){ 

vecdelta[(1+((l-1)*sim)):(sim+((l-1)*sim)),1] <- DeltaMat[1:sim,l]

vecalpha[(1+((l-1)*sim)):(sim+((l-1)*sim)),1] <- AlphaMat[1:sim,l]

}

for (l in 1:(ni*nr)){ 

vectau[(1+((l-1)*sim)):(sim+((l-1)*sim)),1] <- TauMat.1[1:sim,l]

}

for (l in 1:numresp){ 

vectheta[(1+((l-1)*sim)):(sim+((l-1)*sim)),1] <- ThetaMat[1:sim,l]

}

deltacor <- cor(vecdelta,Parevecdelta)

alphacor <- cor(vecalpha, Parevecalpha)

vectau <- cbind(rep(1:nr, each=sim, ni),vectau,Parevectau)

vectau[vectau[,3]==0,c(2,3)] <- NA

taucorvec <- unlist(by(vectau[,2:3],as.factor(vectau[,1]),cor))

taucor <- numeric()

for (l in 0:(nr-1)){

taucor[l] <- taucorvec[2+(4*l)]

}

thetacor <- cor(vectheta,Parevectheta,use='complete.obs')

alltaucor <- cor(vectau[,2],vectau[,3],use='complete.obs')

estimatecor <- c(deltacor,alphacor,taucor,alltaucor,thetacor)

names(estimatecor) <- c('Delta Est. and Par. Corr:', 'Alpha Est. and Par. Corr:', paste('Tau',rep(1:(nr-1)), 'Est. and Par. Corr:',sep=" "),'Overall Tau Est. and Par. Corr:','Theta Est. and Par. Corr:')

write.table(estimatecor, 'Estimate and Parameter Correlations.txt',col.names=F,quote=F)

write.table(AvgBias, 'Estimate Bias.csv',sep=",",col.names=F)

write.table(RMSEA, 'Estimate RMSE.csv',sep=",",col.names=F)

write.csv(merge(Alpha,Delta,by='Item'), 'Alpha and Delta Values Used.csv',row.names=FALSE)

write.csv(Tau, 'Tau Values Used.csv',row.names=FALSE)

write.csv(FinalProb, 'Raw Prob.csv',row.names=FALSE)

write.csv(CumProb, 'Cum Prob.csv', row.names=FALSE)

write.csv(DeltaMat, 'Delta Estimates.csv',row.names=FALSE)

write.csv(AlphaMat, 'Alpha Estimates.csv',row.names=FALSE)

write.csv(TauMat.1, 'Tau Estimates.csv',row.names=FALSE)

write.csv(ThetaMat, 'Theta Estimates.csv',row.names=FALSE)

write.csv(Theta, 'Theta Parameter Values.csv',row.names=F)

} 

Figure 1.
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	Table 1. Parameter Values 

	Item
	α
	δ
	τ1
	τ2
	τ3
	τ4
	τ5

	1
	0.71
	-2
	-2.24
	-2.03
	-1.81
	-1.6
	-1.39

	2
	1.15
	-1.78
	-1.66
	-1.44
	-1.21
	-0.99
	-0.77

	3
	1.42
	-1.56
	-1.76
	-1.57
	-1.39
	-1.20
	-1.02

	4
	0.94
	-1.34
	-2.23
	-1.96
	-1.70
	-1.43
	-1.16

	5
	0.73
	-1.12
	-2.21
	-1.96
	-1.72
	-1.47
	-1.23

	6
	1.55
	-0.9
	-1.50
	-1.23
	-0.96
	-0.69
	-0.41

	7
	1.02
	-0.68
	-1.31
	-1.13
	-0.94
	-0.75
	-0.56

	8
	1.17
	-0.46
	-2.18
	-1.90
	-1.63
	-1.35
	-1.08

	9
	0.58
	-0.24
	-1.80
	-1.60
	-1.40
	-1.19
	-0.99

	10
	0.65
	-0.02
	-2.28
	-1.99
	-1.71
	-1.43
	-1.14

	11
	0.71
	0.02
	-2.07
	-1.77
	-1.46
	-1.16
	-0.85

	12
	0.56
	0.24
	-2.61
	-2.29
	-1.98
	-1.67
	-1.35

	13
	1.43
	0.46
	-1.55
	-1.38
	-1.21
	-1.03
	-0.86

	14
	0.73
	0.68
	-2.08
	-1.89
	-1.69
	-1.50
	-1.31

	15
	1.57
	0.9
	-2.21
	-1.98
	-1.75
	-1.52
	-1.30

	16
	1.89
	1.12
	-1.45
	-1.22
	-0.99
	-0.76
	-0.52

	17
	1.37
	1.34
	-2.00
	-1.74
	-1.49
	-1.23
	-0.97

	18
	0.89
	1.56
	-1.57
	-1.31
	-1.05
	-0.79
	-0.52

	19
	1.59
	1.78
	-1.62
	-1.32
	-1.02
	-0.72
	-0.42

	20
	0.56
	2
	-1.94
	-1.71
	-1.48
	-1.25
	-1.02


	Table 2. Estimate Bias and RMSEA 

	
	Bias
	
	RMSEA

	Item
	α
	δ
	τ1
	τ2
	τ3
	τ4
	τ5
	
	α
	δ
	τ1
	τ2
	τ3
	τ4
	τ5

	1
	0.01
	-0.01
	0.02
	0.01
	0.02
	0.02
	0.01
	
	0.03
	0.11
	0.14
	0.14
	0.15
	0.15
	0.15

	2
	0.00
	-0.03
	0.01
	0.01
	0.00
	0.01
	0.00
	
	0.04
	0.04
	0.06
	0.07
	0.08
	0.09
	0.08

	3
	0.00
	-0.02
	0.01
	0.01
	0.00
	0.01
	0.00
	
	0.05
	0.04
	0.06
	0.06
	0.07
	0.06
	0.05

	4
	0.01
	-0.02
	0.01
	0.01
	0.00
	0.01
	0.00
	
	0.03
	0.05
	0.10
	0.08
	0.10
	0.08
	0.07

	5
	0.01
	-0.02
	0.02
	0.02
	-0.01
	0.03
	0.02
	
	0.03
	0.04
	0.11
	0.11
	0.11
	0.10
	0.08

	6
	0.02
	-0.02
	0.02
	0.01
	0.00
	0.02
	0.01
	
	0.05
	0.02
	0.04
	0.05
	0.04
	0.04
	0.04

	7
	0.01
	-0.02
	0.02
	0.00
	0.02
	0.00
	0.00
	
	0.03
	0.02
	0.07
	0.07
	0.07
	0.06
	0.06

	8
	0.02
	-0.02
	0.02
	0.02
	0.02
	0.00
	0.01
	
	0.05
	0.03
	0.10
	0.08
	0.07
	0.06
	0.05

	9
	0.01
	-0.03
	-0.01
	0.02
	0.01
	0.02
	0.01
	
	0.03
	0.04
	0.17
	0.14
	0.12
	0.08
	0.08

	10
	0.01
	-0.03
	0.01
	0.03
	0.01
	0.02
	0.01
	
	0.03
	0.03
	0.20
	0.16
	0.13
	0.10
	0.08

	11
	0.02
	-0.03
	0.01
	0.02
	0.01
	0.01
	0.01
	
	0.03
	0.03
	0.14
	0.11
	0.08
	0.08
	0.07

	12
	0.01
	-0.03
	0.04
	0.02
	-0.01
	0.02
	0.02
	
	0.03
	0.04
	0.25
	0.19
	0.14
	0.11
	0.08

	13
	0.02
	-0.04
	0.00
	-0.01
	0.02
	-0.01
	0.01
	
	0.06
	0.04
	0.05
	0.06
	0.06
	0.05
	0.03

	14
	0.01
	-0.04
	0.00
	0.03
	0.01
	0.02
	0.00
	
	0.03
	0.04
	0.14
	0.12
	0.10
	0.09
	0.07

	15
	0.01
	-0.03
	0.02
	0.00
	0.00
	-0.01
	0.00
	
	0.05
	0.03
	0.07
	0.07
	0.06
	0.05
	0.04

	16
	0.01
	-0.03
	0.01
	-0.01
	0.02
	0.00
	0.01
	
	0.07
	0.03
	0.04
	0.04
	0.05
	0.04
	0.04

	17
	0.01
	-0.03
	0.00
	0.00
	0.00
	0.01
	0.01
	
	0.04
	0.04
	0.06
	0.06
	0.05
	0.05
	0.05

	18
	0.01
	-0.03
	0.01
	0.00
	0.01
	-0.01
	-0.01
	
	0.04
	0.05
	0.07
	0.07
	0.10
	0.08
	0.08

	19
	0.02
	-0.03
	-0.01
	0.00
	-0.01
	-0.02
	-0.01
	
	0.05
	0.05
	0.05
	0.06
	0.06
	0.07
	0.06

	20
	0.00
	-0.02
	-0.01
	-0.01
	-0.01
	-0.01
	-0.02
	
	0.02
	0.13
	0.14
	0.15
	0.17
	0.18
	0.18

	Average
	0.01
	-0.03
	0.01
	0.01
	0.01
	0.01
	0.00
	
	0.04
	0.05
	0.10
	0.09
	0.09
	0.08
	0.07


	Table 3. Average Theta Bias and RMSEA
	

	Parameter
	Bias
	RMSEA

	θ
	-0.03
	0.15


	Table 4. Parameter and Estimate Correlations

	Parameter
	Correlation

	θ
	0.983

	α
	0.992

	δ
	0.999

	τ1
	0.915

	τ2
	0.925

	τ3
	0.935

	τ4
	0.935

	τ5
	0.950
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	0.966
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