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ABSTRACT 

Frequently researchers base their decisions and interpretations on conclusions drawn from data 

analyses, but what happens when the data used in the analyses are collected from unreliable 

instruments or surveys?  The instrument may include a particular question that invokes different 

interpretations based on group membership, thereby placing one of the two groups at an unfair 

disadvantage.  Another challenge occurs when the size of the sample under investigation (i.e., 

number of respondents or participants) is unavoidably small, adding more uncertainty to 

parameter estimates.  Over the past 50 years, researchers have suggested many different 

approaches for identifying problematic questions (i.e., items that are biased), but no consensus 

has been reached as to which method is best.  In addition, selecting appropriate methods 

becomes even more challenging when smaller sample sizes are involved (Lai, Teresi, & 

Gershon, 2005).  This dissertation presents the findings of a study introducing a new method for 

identifying DIF and potentially biased items.  The study explored the use of the Item Information 

Curve (IIC) as a weighting strategy (i.e., Weighted Area Method – WAM) to the area between 

Item Characteristic Curves (ICC) as a way to identify problematic questions.  Through thousands 

of simulations, the performance of WAM was compared to two other commonly used methods 

for detecting DIF – the Mantel-Haenszel approach (Mantel & Haenszel, 1959)  and the Rudner’s 

Area method (Rudner, 1977).  The results show the effects of sample size variations on 

identifying modeled DIF items, and the opportunity for future Differential Item Functioning 

(DIF) analyses using WAM. 
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INTRODUCTION 

Evaluation is the cornerstone to understanding the effectiveness of a teaching 

environment, the ability of a student, the dynamics of a workplace, the level of mental or 

physical health of an individual, or the quality of programs delivered to people in need.  

Evaluation comes in many forms and can range from collecting information from a simple 

conversation between two people to an in-depth survey conducted over many years.  However, 

whatever form the evaluation takes, if the questions asked do not fairly measure the construct 

under investigation, any conclusions drawn from the evaluation may be flawed.  Instrument 

developers have an enormous responsibility to design surveys and tests that are reliable and 

valid, and that measure appropriately the characteristic or issue of interest.  An instrument can be 

credible only if the data collected do not place one group of respondents at a disadvantage 

relative to another.  

When a particular question invokes different responses between two groups in a study, 

the instrument is not dependable.  In an educational setting, an example of bias is an exam 

question that Hispanic students interpret differently from non-Hispanic students.  In this 

example, the question is not only measuring the particular knowledge or attribute measured by 

the test item, the question is also measuring whether the student is Hispanic.  Such questions are 

biased in their capacity to evaluate student ability and they undermine the validity of the final 

test scores.  In another example related to quality of life, Groenvold and colleagues (1995) write, 

“Item bias may lead to erroneous conclusions because of distortion or dilution of the effects 

measured” (p. 805). 

Item response theory (IRT) is a family of methods that model latent constructs in terms of 

observed responses (Harvey & Hammer, 1999).  The decision as to which method to use depends 
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on many issues, including the characteristics of the data, the type of responses to the items, and 

the particular research question.  An important characteristic of IRT models is that they provide a 

statistical process based on the observed responses to estimate the place a person falls along a 

latent construct.  In addition, IRT models provide an opportunity to examine the performance of 

the individual items in a survey or test beyond simply counting the number of endorsed or 

correct responses. 

Differential item functioning (DIF) analyses are used to detect potential differences 

between groups’ response behavior that go beyond the single trait of interest or latent construct 

(Holland & Thayer, 1986).  Items on a questionnaire or questions on an exam that express these 

potential differences are problematic in that they unequally measure trait levels for two different 

groups.  DIF and item bias can manifest differences due to gender, race, ethnicity, culture, and 

environment, to name a few.  In educational settings, these potential differences, left 

unaddressed, undermine the ability to accurately evaluate students’ aptitude or level of ability for 

a particular subject (Kamata & Vaughn, 2004).  In psychological settings, these differences may 

lead to misdiagnosis or suboptimal healthcare (Teresi & Fleishman, 2007).  

As early as the 1940s and 1950s, statistical measures were developed to look for biased 

tests and for items with DIF characteristics (Lawley, 1943; Lord, 1952, 1953; Tucker, 1946).  

Many different methods have been proposed to identify DIF items in surveys and tests (Angoff 

& Ford, 1973; Bolt, 2000; Camilli & Smith, 1990; Dorans, 1989; Holland & Thayer, 1986; 

Holland & Wainer, 1993; Mantel & Haenszel, 1959; Raju, 1988; Rudner, Getson, & Knight, 

1980a; Scheuneman, 1979; L. A. Shepard, Camilli, & Williams, 1985; Swanson, Clauser, Case, 

Nungester, & Featherman, 2002; Zwick, 1999).  A variety of procedures have been explored to 

efficiently and effectively detect DIF for dichotomously and polytomously scored items (Camilli 
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& Smith, 1990; Cheong & Kamata, 2009; Cohen & Kim, 1993; Donoghue & Isham, 1998; Lai et 

al., 2005; Spray & Miller, 1994; Stark, Chernyshenko, & Drasgow, 2006; Tang, 1994; Waller, 

1998; Wang, Bradlow, Wainer, & Muller, 2008; N. J. Williams & Beretvas, 2006; Zwick, 1999), 

but the research community continues to debate the best method for detecting DIF items.  

Millsap and Everson (1993) offer an overview of DIF detection methods. 

The effort to identify DIF items is greatly complicated when the analyses involve small 

samples (Ackerman & Evans, 1992; Fidalgo, Ferreres, & Muniz, 2004; Lai et al., 2005; Roussos 

& Stout, 1996; Zwick, 1999), and individuals faced with selecting a particular method will find 

very little available research to guide them.  In addition, the definition of “small” becomes 

important, because we must determine at what point group size is too small to conduct a rigorous 

DIF analysis.  Recent simulations have shown that analyses based on group sizes of 200 fall 

slightly below the typical desired power level of .80 for detection of a moderate DIF effect of 0.5 

(Scott et al., 2009).  However, another study found that subsamples of 500 were problematic, 

especially for items “with a small difference in item difficulty between the two groups, and 

poorly discriminating items” (Mazor, Clause, & Hambleton, 1992, p. 442).  

If a minimum group size of 200 is necessary, examining items for DIF will not be 

possible in some very important situations.  For example, health and mental-health environments 

do not always have large samples for research, particularly for rarely occurring medical or 

mental-health issues, but also because of limited numbers in groups based on characteristics such 

as race/ethnicity, age, or socio-economic status.  Similarly, in an educational setting, a group 

may include either poorly represented or very limited numbers of students, such as students with 

specific types of disability.  So how does a researcher look for DIF items when a particular group 

size is small?  One option is to conclude that an examination cannot be performed, and to 
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stipulate that any conclusion drawn from the research is highly suspect.  However, researchers 

frequently fail to recognize or specify this limitation in their research, drawing conclusions based 

on flawed findings.  In addition, in some operational settings, such as licensing tests for small 

populations, DIF analyses may be required by law or to meet professional standards. 

As with all inferential statistical methods, achieving a large enough sample size to meet 

the requirements of the selected procedure is paramount to giving the research credibility.  

Therefore, this study explored the effectiveness of a new method of examining items for DIF 

using a weighted area method (WAM).  By analyzing thousands of simulated data sets, this study 

examined the ability of WAM to identify modeled DIF items in 21 different group-size 

combinations with three different DIF sizes.  In addition, the performance of WAM was 

compared to two other commonly used DIF-analysis techniques.  The findings from comparisons 

of the analyses are reported, along with conclusions drawn and steps for future research 

involving WAM.  
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LITERATURE REVEIW 

A very important step prior to using the results of any test or survey is the review of item 

validity.  One aspect of this review is the examination for item bias, which places one or more 

sub-groups in a sample at a disadvantage.  Items that have differential item functioning (DIF) 

characteristics have the potential to be biased.  DIF occurs when respondents from two different 

groups have the same underlying trait level but have different probabilities of providing a 

particular response (Holland & Thayer, 1986).  The different probabilities of responses for 

respondents at the same trait level are an indication that the item is in part measuring the 

respondents’ group membership.  However, measuring group membership is problematic, in that 

the items were constructed to measure only the constructs or outcomes of interest (e.g., math 

ability, depression, etc.) and should not, by their theoretical construct, include group 

membership.    

Surveys or tests with items that unintentionally measure group membership touch on the 

issue of dimensionality.  When an instrument is constructed to measure a single trait, it is said to 

be unidimensional.  However, when a few of the items on the test measure another trait 

unintentionally, the test becomes multidimensional in nature.  Such items are biased in that, 

“When a test is multidimensional (MD) with a primary trait and a nuisance trait that affects a 

small portion of the test, item bias is defined as a mean difference on the nuisance trait between 

two groups” (Oshima & Miller, 1992, p.237).  Multidimensional models exist that offer the 

opportunity to examine for DIF (Ackerman, 1992; McDonald, 2000), but it is the inclusion of the 

unintentional or nuisance trait that is problematic.  An item affected by a nuisance trait is clearly 

showing signs of bias, but the presence of DIF does not mandate that the item is biased, only that 

it has an important bias-like characteristic (Schumacker, 2005). 
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Examining items for DIF is a very important part of understanding the quality of items on 

a test or survey, but accurately detecting DIF is challenging.  In addition, claiming that an item 

has no DIF characteristics is another challenge.  Holland and Wainer wrote, “to be credible, a 

claim to have found ’no DIF’ must mean a careful study with as large a sample size as could be 

found that uses the most powerful statistical procedures available to analyze these data” (1993, p. 

31). 

This chapter presents different methods used to examine items for DIF, describes 

important characteristics and features of IRT analyses, and discusses the sample-size thresholds 

offered by past research. 

Comparison of CTT with IRT 

Item Response Theory, also called latent trait theory, strong true score theory, or modern 

mental test theory, focuses more on the responses to individual items than does the frequently 

used Classical Test Theory (CTT) that focuses more on test-level scores.  CTT has been around 

for more than 60 years (Gulliksen, 1950), but it has some very significant limitations that are not 

found in IRT models.  First, in CTT, characteristics (e.g., item difficulty and item discrimination) 

used to understand performance of tests or questionnaires (i.e., instruments) are sample 

dependent, and second, the total score of an instrument used to describe a person’s ability is test 

dependent (Hambleton, 2000).  Unlike CTT, IRT is grounded in the idea that an individual’s 

responses on an instrument are a reflection of their personal characteristics or latent construct, 

which in turn is measured by responses to the items on the instrument.  Responses to the items 

are assumed to be relatively independent and to provide an opportunity to examine how the items 

tap into measuring the latent construct.  Novick (1966) argued that the weak assumptions for 

CTT make it a good candidate for various situations, but that was prior to the development of 
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IRT and the increased availability of computers.  Streiner (2010) attributes the continued 

popularity of CTT over IRT to the limited number of researchers trained in IRT methods, thereby 

identifying “inertia” as the obstacle for those trained in CTT. 

The results in a recent study supported the use of IRT over CTT due to the stability of 

IRT estimates over CTT across samples (Magno, 2009).  Mango’s study compared the 

performance of IRT with CTT using two forms of a chemistry exam and 219 randomly selected 

junior high school students (i.e., N1=110, N2=109).  The issue of sample size and no mention of 

any DIF analysis by Mango to validate the use of the items in the two forms were the motivating 

factors for including this study in the review.   

Hambleton (2000) compared IRT to CTT and came to similar recommendations for using 

IRT over CTT, but did come to the conclusion that sample sizes often need to be larger for IRT 

models.  A different study used CTT along with the Rasch model to evaluate a short version 

(PDQ-8) of the Parkinson’s Disease Questionnaire (Franchignoni, Giordano, & Ferriero, 2008).  

Instead of comparing results from the two methods, they used the results from their study as a 

validation opportunity for the PDQ-8, which had only been validated through the use of CTT.  

Unlike Mango, this study did mention the use of DIF to verify consistent item calibration, but 

still on a small sample of 200 (100 each in two groups).  Even though they found  that the 

response options to the items could be fewer through the use of IRT, they shared concern that the 

size of their sample may not have had the power to identify potential differences in the two 

questionnaires.  

Obviously, CTT has a solid place in the study of test properties, and can be used to 

support findings from other DIF detection methods.  However, the fact that IRT is based on the 
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assumption that responses are a reflection of one’s position on a latent construct offers 

researchers in IRT a greater opportunity to improve the discovery of biased items.   

ICC, IIC, and IRT 

One method for examining for DIF items involves the use of  the item characteristic 

curve (ICC) (Lord, 1953).  The ICC shows, for each item, the different probabilities of 

responding a particular way based in the level of the latent construct.  ICCs are obtained from a 

function that identifies the relationship between an individual’s location on a latent construct and 

the probability of the individual endorsing an item on a test or survey.  The function, called Item 

Response Function (IRF), has multiple forms depending on the modeled characteristics (Hula, 

Fergadiotis, & Martin, 2012).  The most basic form is the 1-PL model for dichotomous items, 

where the probability of endorsing an item is a function of only an item difficulty parameter and 

the latent construct.  An extension of the 1-PL model is the 2-PL model with dichotomously 

scored items (Birnbaum, 1968).  The 2-PL model represents the model in which the probability 

of endorsing an item is a function of the latent construct and two parameters - item difficulty and 

item discrimination. 

An example of an ICC is presented in Figure 2.1 and represents a 2-PL model with 

dichotomously scored items.  The formula for the 2-PL model is 

 

( )

( )( )
1

i i

i i

Da b

i Da b

e
P

e

�T

�T�T
��

��� 
��  [1] 

where; 

Pi(�ê) is the probability of endorsing item i, 

�ê is an individual’s trait parameter 

ai is the item discriminating parameter, 

bi is the item difficulty parameter, 

i is the item indicator, 
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D = 1.7 and is a scaling factor  

 

Researchers explained that the D scaling factor manipulates the logistic function to be 

very close to the normal ogive function, so that the two only differ by less than 0.01 for all 

values along the trait scale (Hambleton, Swaminathan, & Rogers, 1991).  They also explained 

the importance of this replacement by saying, “The logistic model is more mathematically 

tractable than the normal ogive model because the latter involves integration, whereas the former 

is an explicit function of item and ability parameters and also has important statistical properties” 

(Hambleton et al., 1991).  

Figure 2.1:  Example of ICC for Two Different Items  

The item difficulty parameter (bi) is the value for each item i where the probability of 

endorsing the item is 0.5.  The dashed vertical lines in Figure 2.1 show the difficulty levels for 

items Q1 and Q2 (bQ1=.5 and bQ2= -.1).  The dashed line for Q1 is farther to the right along the 

latent construct scale, indicating a respondent has to hold a higher value on the latent construct 

scale before they have a 50% chance of endorsing the item.  The item discriminating parameter 



   

10 
 

(ai) is the value of the slope of the IIC for each item i at the point where endorsing the item is 0.5 

(aQ1=1.2 and aQ2=.8).  Figure 2.1 shows that item Q1 has a steeper slope than Q2 at their 

respective bi values, indicating that Q1 is more discriminating.  An item that is more 

discriminating is one in which the probability of endorsing an item climbs more rapidly over a 

portion of the latent construct scale as the values for the latent construct increase than does a less 

discriminating item. 

The comparison of the two ICCs for two different items shows their different 

characteristics in terms of the relationship between the latent construct and the probability of 

endorsement.  A single ICC curve represents this relationship for all individuals where responses 

were used to estimate the logistic function parameters.  Now, instead of looking at two different 

items, consider a comparison between two ICCs from two different groups.  The expectation is, 

if the two groups are identical in how they respond to a particular item, the two ICCs would be 

the same, and the item parameter estimates similar.  This is the case if the characteristic that 

identifies the two groups is unrelated to the relationship between the latent construct and the 

probability of endorsing an item.  When this happens, the item is considered not to show 

differential functioning.  However, if the two ICCs are dissimilar for the two groups, indicating 

that the parameters are also dissimilar, a nuisance trait may be present in the item, thereby 

showing signs of DIF (Ironson & Subkoviak, 1979).   

The difference between the ICCs for two groups for a single item is the foundation of this 

study.  Figure 2.2 provides examples of two different sets of ICCs.  The set on the left shows 

ICCs for two groups for a single item showing very little DIF, while the set on the right shows 

ICCs with a great deal of DIF.  The area between the two ICCs demarcates an area that has been 
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used to estimate potential levels of DIF (Cohen & Kim, 1993; Ironson & Subkoviak, 1979; Kim 

& Cohen, 1991; Raju, 1988; Rudner et al., 1980a; Shepard, Camilli, & Averill, 1981). 

Figure 2.2: Comparison of Two Sets of ICCs for a Single Item 

The graphical presentation of the area between the two curves (i.e., two curves 

representing two groups) is simplistic in that the larger the area, the more potential DIF for the 

item, the smaller the area the less potential DIF.  To look for DIF items, one would look for 

items that have large areas between the two curves.  Another metric of differential behavior 

evident by the graphs is the variation in the distance between the two curves at different values 

of the latent construct (i.e., along the x-axis).  In the 2-PL model, the largest separation could 

potentially fall anywhere along the x-axis.  If we consider this information from the ICC curves, 

can the identification of DIF items be improved?  This study investigates a method that weights 

the area between the ICCs to help identify DIF.  The method uses the item information curve 

(IIC) to weight the area between ICCs.  An IIC has been described  as “analogous to reliability of 

measurement and indicate the precision (reciprocal of the error variance) of an item or test along 

the underlying trait continuum” (Hays, Morales, & Reise, 2000), p. II-34). An example of an IIC 

is presented in Figure 2.3. 
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Figure 2.3: Example of an IIC 

Again, the presentation is simplistic in that the higher the curve the more information you 

have about the item based on the collected responses.  In Figure 2.3, the item information is 

highest around -1 on the latent construct scale and lower below -2.5 and above 0.5.  Therefore, 

one can theorize that separation of ICCs in the low-information locations offers minimal 

information on potential DIF and separation around -1 (in this example) offers more insight into 

potential DIF. 

The theoretical foundation for WAM is the involvement of this information from the IIC 

in weighting, to use the level of reliability of an item along the latent construct scale to help 

identify DIF.  The method weights different areas between the ICCs differently to either increase 

or decrease the contribution of the ICC separation according to the level of reliability along the 

latent construct.  The example presented in Figure 2.3 shows that the item has more reliability 

between the values of -2.5 and 0.5 than outside this range on the latent construct scale.  

Therefore, more weight is given to the separation area between the two ICCs falling within this 

range.  Continuing with this idea, the amount of weight associated with the separation area is 
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determined by the level of reliability of the latent construct scale.  This dissertation study 

investigates the use of this weighting method as an effective procedure for analyzing items for 

DIF characteristics. 

Small Groups and Models 

Lai (Lai et al., 2005) provides a useful overview of different techniques for researching 

DIF items, including another important component of this study -- the added challenge of 

researching DIF with small group sizes.  Unfortunately, the notion of “small” is somewhat 

complicated by the fact that different methods have different levels of sensitivity to small groups.  

A sufficiently large group size provides a researcher with multiple DIF methods from 

which to choose.  However, a researcher is currently left with very few options when the sample, 

or particularly a group size in the sample, is small.  The situation is further confused because 

researchers define “small” differently.  For example, Lai defines a small sample as one with 

fewer than 200 cases (Lai et al., 2005), but Tang’s (1994) smallest simulated sample was 200 

with the smallest group size at 66.  Roussos identified small at 100 respondents for both the 

reference and focal groups (Roussos & Stout, 1996), and Jin (Jin, Myers, Ahn, & Penfield, 2013) 

identified small at 50 for focal group and 200 for reference group.  Scott and colleagues (2009) 

focused on logistic regression DIF analyses in a simulation study and concluded that groups 

smaller than 200 were problematic.  Fidalgo and colleagues (2004) conducted a simulation study 

to compare multiple methods when using groups as small as 50, and agreed with Roussos that 

groups of 100 were a potential threshold for what is considered small.  In 2010, Scott and 

colleagues (2010) argued for “a minimum of 200 respondents per group as a requirement for 

logistic regression DIF analyses” (p. 5).  The small sample research mentioned above has not 

deterred researchers from using even smaller samples when applying DIF methods (Azocar, 
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Arean, Miranda, & Munoz, 2001; Bryant, 2005; Ellis, Becker, & Kimmel, 1993; Groenvold et 

al., 1995; Lamoureux, Pallant, Pesudovs, Hassell, & Keeffe, 2006; McKenna et al., 2007; Pagano 

& Gotay, 2005; Williams, Turkheimer, Schmidt, & Oltmanns, 2005), even with a group size of 

38 (Tang, Wong, Chiu, Lum, & Ungvari, 2008).   

Obviously, the entire research community has not embraced the warnings involving the 

use of groups smaller than 100 or 200 when analyzing for DIF.  One potential reason is that 

when dealing with data collected in the real world, the number of participants is not always 

controllable.  When this happens, researchers must make informed decisions about how to 

proceed and how to inform their audience of the limitations of any findings presented.  Another 

potential reason may be related to the fact that very little research currently exists for small 

samples, and it is practically non-existent for groups smaller than 50.  Combining the limited 

research on smaller samples with the many methods available for detecting DIF increases the 

difficulty of identifying a solid DIF methodology and conducting an appropriate analysis.  

Selecting the wrong method for a particular dataset alone may lead to invalid or misleading 

conclusions.  For instance, a few studies have found methods that show promise with detecting 

DIF in small samples, but are unable to detect non-uniform DIF (DeMars, 2008; Hidalgo & 

Lopez-Pina, 2004; Narayanon & Swaminathan, 1996). 

The research is clear that sample size must be a major consideration for any DIF 

detection study.  Ignoring size can and will undermine any drawn conclusions and opens the door 

for unsupported conclusions.  This study recognizes the importance of sample size and includes a 

wide range of sizes based on past research.  In addition, below is a review of past research, 

categorized by research methods, that discusses each method’s level of effectiveness in dealing 

with small samples.  However, before presenting the methods below, it is important to note 
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Sinharay’s comment (Sinharay, Dorans, Grant, & Blew, 2008) that, “There is no universally 

accepted technique to detect DIF for small samples, and there is a need for further research in 

this area” (p. 1).  Despite an increase in the number of simulation studies examining small 

samples, this statement continues to be true today. 

Mantel-Haenszel (MH) Procedure 

Fidalgo and colleagures (2004) states that the Mantel-Haenszel procedure “is probably 

the most commonly used method for analysis of uniform DIF” and claims that the “sample size 

requirements of the MH procedure are far lower than those of the item response theory” (p. 926).  

Fidalgo examined the ability to identify DIF in small samples of sizes 50/50, 100/50, 200/50, and 

100/100 for reference and focal group respectively, using different MH statistics (chi-square 

statistic, common odds ratio estimator, and the standardized p-difference).  Fidalgo found that 

the MH chi-square statistics at an alpha level of .2 performed the best in identifying DIF 

correctly, and the sample size of 100/100 provided better information than the other three, with 

50/50 being the least informative.  Unfortunately, Fidalgo never identified a threshold to 

consider for a small sample size.  Mazor and colleagues also report that the MH statistic 

performs poorly at sample sizes below 100 (1992), but  Clauser and Mazor (1998) state that “200 

to 250 per group have been consistently shown to be suitable for use with the Mantel-Haenszel 

statistic” (p.37).   

One very relevant study (Hambleton & Rogers, 1989) concluded that the MH method 

slightly outperformed the area method (Raju, 1988) using IRT in identifying uniform DIF, but 

acknowledged that the area method is able to identify non-uniform DIF.  In Hambleton’s study, 

the sample size was 1000 for each group and, though not tested, Hambleton believed that if the 

groups were smaller, the MH method would perform recognizably better than the area method. 
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This dissertation study used both the MH and the Area method as comparisons to the 

effectiveness of WAM.  A major reason for selecting MH was the widespread use of this 

method, substantiated by Fidelgo’s observation.  Another reason these two methods were 

selected was to explore the issue of sample size and to explore Hambleton’s belief that MH 

outperforms the Area method when dealing with smaller samples. 

Simultaneous Item Bias Test (SIBTEST) 

Ackerman and Evans conducted a study using the MH discussed above and another 

procedure by Shealy and Stout which they used to find “simultaneous item bias (SIBTEST; 

henceforth referred to as SIB)” (1994).  The SIB method (Shealy & Stout, 1993) divides the 

items in the test into two categories, n items that are valid and showing no signs of DIF, and N-n 

items that are suspect. The n items are identified by their strong weighting on a particular factor 

or construct.  Next, total scores for the two groups of items are used in additional computations 

to identify a SIB statistiĉU�E .  The statistic has an approximate N(0,1) distribution when DIF is 

absent from items, thereby providing a hypothesis test for DIF as H0:��U=0 vs. H1:��U>0.  

Ackerman constructed his study with 30 items and group sizes ranging from 250 to 1000 with 

the rationale that these sizes simulated realistic samples.  He concluded that as sample sizes 

increased, the number of items detected by both MH and SIB as having possible DIF increased, 

and the SIB statistic had a higher Type I error rate (i.e., finding DIF when no DIF exists) when 

examinees were matched on more than just their total score. 

Narayanan and Swaminathan (1994) concluded after comparing MH and SIB in 1,296 

conditions that the two procedures “were equally powerful in detecting uniform DIF for equal 

ability distributions.  The SIB procedure was more powerful than the MH procedure in detecting 

DIF for unequal ability distributions” (p. 315).  They used reference group sizes of 300, 500, and 
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1000 and focal group sizes of 100, 200, and 300, thereby creating nine group size combinations.  

Their findings supported Akerman’s in that SIB experienced slightly higher Type I error rates, 

and that both procedures’ error rates increased as sample size increased.  However, Narayanan 

and Swaminathan found that changes in the size of the focal group played a much larger part in 

DIF detection than changes in the reference group.  For example, a change from 100 to 300 in 

the focal group with a reference group of 300 increased detection rates by 22%, while a change 

from 300 to 1000 in the reference group for a focal group of 100 experienced a rate increase of 

only 4%.  Though this finding does echo the challenges with smaller group sizes, their 

conclusion was that a group size of 300 is the threshold for having enough power to identify DIF. 

 A comparison study of MH and SIB found similar conclusions to the two studies above 

while using group sizes of 100 to 1000, but did find that SIB “performed flawlessly” in avoiding 

Type I errors with a sample of 3000 while the MH did not (Roussos & Stout, 1996).  In 2007, a 

study compared four methods for detecting DIF; “simultaneous item bias test (SIBTEST), 

logistic regression, item response theory likelihood ratio test, and confirmatory factor analysis” 

(Finch & French, 2007, p. 565).  In this study, the group sizes were as follows: 250 and 250, 250 

and 500, 500 and 500, and 500 and 1000 for focal and reference group respectively.  Though the 

researchers offered no minimum group size, their findings did support previous research in DIF 

detection and Type I error rates.  However, one interesting finding was the sensitivity of IRTLR 

and CFA to group size, showing lower levels of power than the other two procedures. 

Unlike Ackerman’s approach which divides items into valid and suspect groups, my 

dissertation study did not make any initial assumptions about the validity of the items and took a 

more conservative approach by not eliminating items prior to searching for DIF.  In addition, I 
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included a wider range of sample sizes than other studies, and as in many other comparison 

studies, I used the MH as a comparison methodology. 

Analysis of Variance (ANOVA) 

Tang (1994) describes a method for DIF analysis for small samples involving analysis of 

variance, and compared it to the MH procedure. The method (IRT-ANOVA) first uses IRT to 

generate residual scores free of person or group ability and item difficulty, and then uses 

ANOVA to test group differences in these scores.  IRT-ANOVA uses the residual scores as the 

dependent variable and the DIF factor(s) under investigation are the independent variables.  

Tang’s study compared the IRT-ANOVA model to the MH in their ability to detect DIF 

appropriately using simulated studies while varying the group size from 200 to 1200.  

Conclusions drawn from this study indicate that the IRT-ANOVA outperforms the MH method, 

but is possibly more sensitive to departures from unidimensionality.   

Whitmore and Schumacker (1999) conducted a comparison of Analysis of Variance and 

Logistic Regression using simulated binary item response data sets.  They varied the sample 

sizes (200, 400, and 600 cases; 100, 200, and 300 per group) and found that both methods’ 

performance improved as sample size increased, but Logistic Regression outperformed Analysis 

of Variance when data involved uniform DIF.  They concluded that Logistic Regression should 

be used rather than IRT-ANOVA because the type of DIF is not known when dealing with real 

data. 

Logistic Regression 

A useful study compared a logistic regression model to the MH model and examined  

their ability to detect both uniform and non-uniform DIF (Swaminathan & Rogers, 1990).  The 

Logistic Regression model to detect DIF is the following: 
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where uij is the response of person i in group j, ��0j and ��1j are the intercept and slope parameters 

for group j respectively, and ��ij is the ability of person i in group j.  Therefore if ��01=��02 and 

��11=��12, then no DIF is detected; if ��11=��12 but ��01�•��02, then uniform DIF may be present; and if 

��01=��02 but ��11�•��12, then nonuniform DIF may be present.  Swaminathan and Rogers’s study 

manipulated sample size, test length, and amount of DIF to compare the two models.  He stated, 

“Sample size will affect the power of the logistic regression procedure through its effect on 

estimation.  In small samples, the asymptotic results may not hold and hence the test statistic 

may not be a valid indicator of the presence of DIF.  In the MH procedure, small samples may 

affect the stability of the estimate of the odds ratio in each score group” (p.365).  Their selected 

sample sizes were 250 and 500 and they found that both methods performed similarly in 

detecting uniform DIF, but the Logistic Regression method outperformed MH in detecting non-

uniform DIF and had a slightly higher level of false positives (1% vs. 4% on average).  However, 

one of the more interesting features of Swaminathan and Rogers’s study was their method of 

varying difficulty parameters while keeping discrimination parameters the same to model the 

area between the ICCs, and therefore simulate DIF items in his study.  

Other studies have utilized the Logistic Regression method to identify DIF in collected 

data, which involved varying levels of group sizes.  Kamata and Vaugh (2004) compared 

Logistic Regression to the MH method (group sizes of 1854 and 1842); Yasuda, Lei, and Suen 

(2007) used both the Logistic Regression method and Multiple Group Confirmatory Factor 

Analysis (MGCFA) method to identify DIF items (group sizes of 283 and 299).  Escorial and 

Navas (2007) used Logistic Regression and three other methods with consistent results (group 
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sizes of 436 and 331).  Rather than comparing MH to Logistic Regression, Dodeen (2004) used 

the MH procedure in a supporting role with Logistic Regression to explore DIF in survey data 

(group sizes of 500 and 500).   

The group sizes in these studies all fall within the guidelines recently presented by Scott 

and colleagues (2009), who identified through simulation of the Logistic Regression method that 

a minimum group size of 200 is necessary to get enough power (>.8) to detect DIF.  They  

recognized that the size of 200 is an increase from previous recommendations (Lai et al., 2005; 

Zumbo, 1999).  Based on previous findings and its frequent use, Logistic Regression is usually 

included in research that seeks to improve DIF identification.  However, given the desire to 

explore sample sizes smaller than 200, Logistic Regression was not utilized as a comparison 

method for this study. 

Confirmatory Factor Analysis (CFA) 

The initial use of a Confirmatory Factor Model (CFA) (Jöreskog, 1971) tests for 

measurement invariance between groups.  Reise (1993) describes the typical application of a 

CFA in a study in which he compares the advantages and disadvantages of CFA as defined by 

Long (1983) and IRT.  Reise explains, “Whereas CFA models account for the covariance 

between test items, IRT models account for examinee item responses” (p. 557) and “With IRT 

models, the only standard measure of fit is a likelihood ratio chi-square variate that is evaluated 

in a fashion similar to that of the statistical measure of fit with CFA.” (p. 564).  In addition, 

Reise reports that in partial measurement invariance models, IRT found a couple of items 

showing signs of DIF that CFA did not.  His explanation of this finding is that “the CFA model 

ignores certain parameters, namely the difficulty parameters represented by the bj parameters in 
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the IRT model.  As a result, IRT models posit more stringent sets of measurement invariance 

constraints” (p. 564).   

Many studies that use CFA have overall sample sizes of 500 or more (Cooke, Kosson, & 

Michie, 2001; Kelly, Kallen, & Suarez-Almazor, 2007; Pae & Park, 2006; Stark et al., 2006; 

Teresi, Kleinman, & Ocepek-Welikson, 2000; Yasuda et al., 2007).  In addition, because the chi-

square test is sensitive to sample size (Finch & French, 2007) and CFA ignores the difficulty 

parameter, CFA was not selected as a comparison method for this study but will definitely be 

included in my future work to explore IRT fit indices. 

Area Between ICCs 

In his dissertation, Rudner (1977) refined Green and Draper’s use of total scores (Green 

& Draper, 1972) and explained how the area between two ICC curves indicates a relative amount 

of item bias, and how a visual inspection of the ICCs can show additional information on the 

bias.  Rudner used successive rectangles to estimate area between two equated ICC curves by 

summing the area captured by the rectangles.  A graphical representation of creating rectangles 

to evaluate area between two ICCs is presented in Figure 2.4. 

Later, in a paper comparing multiple DIF detection techniques, Rudner and colleagues 

explained that a limitation of using ICC curves is the parameter estimation error, “especially with 

small samples (n<1000)” (1980a).  As sample sizes decreases, the estimate error increases, and 

because WAM is calculated from the parameter estimates, estimate error is a large concern for 

WAM’s ability to identify DIF efficiently.  Other researchers have also examined the use of 

areas between ICC curves (Ironson & Subkoviak, 1979; Rudner, Getson, & Knight, 1980b; L. 

Shepard et al., 1981; L. Shepard, Camilli, & Williams, 1984). 
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Figure 2.4: Area Between Two ICCs 

Raju adds to Rudner’s use of successive rectangles by discussing a computational method 

to find the exact area (Raju, 1988).  Raju offered signed and unsigned area formulas and 

described how they are constructed related to the Rasch, 2PL, and 3PL models.  However, unlike 

earlier methods, Raju’s method uses the entire theta (ability) range, removing the previous need 

to identify a finite interval (i.e. -3, +3).  As a result, the 3PL model that includes a “guessing 

parameter” c includes a restriction that c be equal for both groups, otherwise the area between 

the ICC curves is infinite.  One important feature is that Raju’s method assumes that the density 

function for ability (��) is uniform.  A study by Cohen and Kim (1993) compared Lord’s �$2 

statistic (Lord, 1980) to two Z-score tests for signed and unsigned area differences between 

group response functions.  Cohen and Kim restricted this study to a 2PL model with simulated 

sample sizes of 100 and 500, and concluded that the three methods performed similarly but with 

a slight better performance from Lord’s �$2 when dealing with smaller sample sizes.   

Raju (Raju, van der Linden, & Fleer, 1995) proposes the “differential functioning of 

items and test (DFIT) based on item response theory (IRT)” (p. 353).  Raju’s DFIT framework 

includes two measures of DIF; compensatory DIF (CDIF) that does not assume that the other test 

items are unbiased, and noncompensatory DIF (NCDIF) that does assume unbiased items.  In 
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this work, Raju discusses differential test functioning (DTF) and how DTF is a squared 

difference in expected test scores.  Raju used � � � �
1

n

s i s
i

T P �T
� 

� �¦ , where sT  is the expected 

proportion correct (EPC) or “true” score on a test and �� ��i sP �T is the probability of success for an 

individual with latent construct value s�T on item i.  Because each individual has an EPC value 

(one as a member of the focal group and one as a member of the reference group - andsF sRT F , 

respectively), DTF becomes the expected squared difference between a person in one group vs. a 

person with the same ability in another group [i.e., � � � �2
DTF E sF sRT F�  � �].   

Raju defines CDIF for item i as the “covariance between the difference in item 
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� ¦ � ¦.  Continuing, since NCDIF assumes that all items are 

completely unbiased, dj=0 for all j�•i implies that noncompensatory DIF is the variance of 

difference in item probabilities for item i (di)  and the squared mean of di  (i.e., 

2 2NCDIF
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���f
�  � �� ª � º� ¬ � ¼�³ .  Raju recognized in 

1988 that “if � � � �Ff �T is rectangular, then the right-hand side of Equation 13” (i.e., 

� � � � � � � �� � � �
2
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���f

� ª � º� t � �� « � »� ¬ � ¼�³ ) “is the square of the absolute or unsigned area 

between two IRFs” (p. 356).  In Raju’s 1995 study, Raju concluded that NCDIF generally 
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outperformed the Exact Signed Area (ESA) and the Exact Unsigned Area (EUA) methods (Raju, 

1990), and Lords 2�F test (Lord, 1980) in the models he constructed, with the most problematic 

models being non-uniform DIF containing 20% DIF items.    

Area Between IICs 

 A simulation study compared Raju’s Signed Area Index and MH procedures to a DIF 

analysis method labeled the Information Similarity Index (ISI) (Wyse & Mapuranga, 2009).  The 

method was constructed on the idea that the amount of area not covered by both item information 

curves is an indication of an item’s potential level of bias when a Rasch model appropriately 

represents the data (see Figure 2.5).   

Figure 2.5: Example of Area between Two IIC Curves 

Wyse and Mapuranga state, “items or tests can also be considered parallel when they 

have identical information functions across subgroups.  Hence, information functions are a 

theoretically feasible candidate for DIF analysis” (p. 335).  The formula for calculating the ISI 

value is 2
r fb b

overlapping area
ISI e

overlapping area nonoverlapping area

��

�  �  
��

 where br and bf  are the item 

difficulties for reference and focal groups.  Wyse and Mapuranga used sample sizes of 250/250, 

500/250, 500/500, 1,000/250, 1,000/500, and 1,000/1,000 for focal and reference groups 

respectively.  In their simulated study, “ISI performed comparably to SAI and MH and had 
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higher power when DIF favored the reference group. When there were items that favored the 

reference and focal groups, the power of ISI was generally lower than SAI and MH” (p. 351). 

Summary  

The literature review provides a very clear opportunity to explore further the use of the 

area between ICCs to identify DIF items on a test or questionnaire, especially when the sample 

size is relatively small (i.e., less than 500).  Also, given the important distinction between 

uniform and non-uniform DIF, past findings of limitations in DIF procedures for different 

sample sizes, and the interest in smaller group sizes, the use of the area between two ICCs stands 

out from other methods (Ironson & Subkoviak, 1979; Kim & Cohen, 1991; Raju, 1988; Rudner 

et al., 1980a, 1980b; L. Shepard et al., 1981).  The work by Raju is particularly interesting due to 

the conceptual interpretation that the area between the ICCs for two groups represents DIF.  

Rudner identified this conceptual interpretation years ago when he “used the area between pairs 

of equated icc's to indicate the relative amount of aberrance of each item, as well as visual 

inspection of the equated icc's to provide additional information pertaining to the nature of the 

aberrance” (Rudner et al., 1980a) (p. 223).  However, research utilizing the area between ICCs is 

still limited. 

Sample size has always played, and will continue to play, an important role in identifying 

DIF.  Another area of interest is the ability to identify the size of DIF for particular items.  Magis 

and Facon (2012) used two DIF sizes of 0.4 and 0.8 while comparing three DIF detection 

methods in their simulation study.  Jin and colleagues (2013) used three DIF sizes of 0.3, 0.5 and 

0.7 to illustrate small, medium, and large DIF respectively.  Woods (2011) confirms the general 

range of 0.3 to 0.7 for DIF size in simulation studies (p. 264).  Therefore, we know the range of 

DIF and the use of cutoffs to identify items with and without DIF, but very few studies have 
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explored the approach of sorting items by their DIF levels as a starting point to identify bias.  My 

dissertation study explores the possibility of ranking items based on WAM values as a way to 

evaluate the quality of items in an instrument. 

My study adds to the knowledge base for DIF detection by introducing a weighting 

method that is different from previous ICC area methods.  The hypothesis is that the weighting 

method enhances the information derived from examining the area between the ICCs and, 

therefore, enhances researchers’ ability to identify DIF items.  In addition, this study discusses 

different ways to utilize WAM values in a DIF study and presents both graphs and tables to show 

WAM characteristics, with an overall goal of improving the information gathered by the use of 

instruments in a variety of disciplines. 
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METHODS 

This study examined a method of identifying DIF items in an instrument by using a 

weighted area method on the area between two ICCs.  The method built on previous work that 

used the area between ICCs to identify DIF items (Kim & Cohen, 1991; Raju, 1988; L. Shepard 

et al., 1981).  Researchers use this area as an indicator of the amount of potential bias associated 

with items in an instrument.  However, when dealing with small sample sizes the errors in 

estimating the area increases, which leads to increases in false positives and false negatives when 

attempting to identify DIF items.  Past research suggests that looking for DIF is more 

challenging for samples sizes smaller than 250 and group sizes smaller than 50 (Fidalgo et al., 

2004; Lai et al., 2005; Roussos & Stout, 1996).  To address this issue, I implemented the use of 

IICs as a weighting strategy to enhance the information on item DIF related to the area between 

ICC curves.  This weighted area method (WAM) was compared with two other DIF detection 

strategies - the Mantel-Haenszel procedure and Rudner’s Area method – and their relative 

effectiveness was evaluated.   

Rudner’s Area method was chosen as a comparison method because it also uses the area 

between the ICCs to identify DIF items.  Mantel-Haenszel was chosen due to its popularity and 

frequent use as a DIF detection method (Fidalgo & Madeira, 2008; Hidalgo & Lopez-Pina, 2004; 

Kristjansson, Aylesworth, McDowell, & Zumbo, 2005; Mazor, Kanjee, & Clauser, 1995; 

Narayanan & Swaminathan, 1994; Tang, 1994; Wyse & Mapuranga, 2009).   

WAM Calculation Process 

The proposed WAM for finding DIF items extends Rudner’s and Raju’s work (Raju, 

1988, Rudner, 1977; Rudner et al., 1980a) by adding a weighting strategy.  Rudner recognized 

the link between potential levels of item bias and the area between the ICCs.  Scrams and 
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McLeod (2000) offered a graphical approach using calculated confidence bands for each of the 

ICCs, and theorized that locations along the ability scale where the bands did not overlap 

represented local DIF.  In these examples, researchers used the area either between the two ICCs, 

or within a confidence band, without adding weighting or emphasis on their estimated values.  

However, unlike previous approaches, this dissertation study added a weighting or emphasis 

strategy (i.e., WAM) to the area between the ICCs to examine for DIF.  

Calculating WAM values begins by constructing ICCs for the items in a test or measure 

for focal and reference groups (i.e., group F and group R respectively), by estimating the 

parameters for an IRT 2PL model, and then transforming the parameter estimates for the two 

groups into the same scale.  The “mean and sigma” approach was used to identify the parameters 

x and y that allow the recalibration of the item parameters for the focal group into the metric of 

the item parameters for reference group.  For example, let ˆ
F�E and ˆ

R�E  represent the mean item 

difficulties and ˆF�V  and ˆR�V  represent the standard deviations of item difficulty parameter 

estimates from the focal and reference groups, respectively.  Therefore, estimating x and y below 

can be completed by solving  
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(Embretson & Reise, 2000).  The transformation of the variables * *andj i�T �E (case indicator j and 

item indicator i) sets the focal group parameters to the same scale as the parameters for the 

reference group.  Once the parameters for the two groups are on the same scale, the DIF analyses 

can be conducted.   

Next, ICC separation is calculated by establishing successive rectangles every 0.005 units 

along the latent construct between – 5.0 to 5.0.  These represent the edges of the unweighted 

areas between the two ICCs, which is calculated by summing the area within all rectangles.  

With WAM, as shown in Figure 3.2, weights are applied to these rectangles based on the height 

of the IIC at the construct location of each individual rectangle.  Multiplying the value for the 

height of the IIC by the area of the corresponding rectangle provides the weighted area values, 

and the sum of the weighted triangle values represents the amount of DIF for that particular item 

for the two groups.  The estimate of the weighted area between the ICCs for a single item is the 

WAM value.  Therefore, items with smaller weighted areas (i.e., smaller WAM values) represent 

items with less DIF than those with larger weighted areas (see Figure 3.1).   

In addition to the difficulties typically experienced with small group sizes, many 

procedures for detecting DIF have more difficulty identifying DIF items that have their 50% 

probability of endorsing an item fall near the extreme values of the latent construct (Wang et al., 

2008; Wollack, Bolt, Cohen, & Lee, 2002).  The WAM approach of weighting the area between 

the ICCs along the entire construct range provides support to explore items with varying IIC 

characteristics while controlling the potentially excessive influence of large ICC separations in 

the extremes.  Because the IIC represents the amount of information at each point along the 

latent construct, the weighting strategy recalibrates the area between the ICCs.  In other words, 

the area between the curves where the IIC is high represents the area related to more precision 
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(i.e., ability to differentiate between respondents) than the area where the IIC is lower.  This 

weighting strategy adjusts the total area sum by giving more weight to areas that are located 

along the levels of the latent construct where the IIC indicates higher precision.  Areas along the 

latent construct that show lower IIC values receive less weight (see Figure 3.1).  The process of 

weighting the areas between the curves using the IIC information is expected to provide a clearer 

picture of DIF, even when the items fall along the extremes. 

Figure 3.1: ICCs for Two Groups and the Associated IIC 

Finding the weighted area between the two ICCs requires the calculation of two values at 

intervals along the latent construct (i.e., ��).  The first value represents the amount of ICC 

separation (the area of each rectangle) and the second value represents the height of the IIC at the 

middle of the rectangle.  Because the interest of most DIF studies is on the smaller group (i.e., 

focal group) that is potentially at a disadvantage, the IIC curve for the larger group (i.e., 

reference group) was used for the weighting factor.  In addition, the larger group is more likely 

to have better estimated IICs.  Therefore, the estimated weighted area between the ICCs is 

defined as � � � � � � � � � � � �
5
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where Gi(��) represents the height of the IIC at ��, PF,i(��) represents the probability of answering 

correctly for the focal group and PR,i(��) is the analogous probability for the reference group, for 

item i.  Gi(��) is defined as , ,{ ( )[1 ( )]}G i G iP P� T � T�� .  PG,i(��), the probability of answering correctly 

item i, is defined as 
R, R,R, a ( )

1
( )

1 i ii bP
e �T�T � � � �� 

��
 , (i.e. the 2-PL model for dichotomous data).  Figure 

3.2 shows the definition of components of WAMi at a single �� value ��o. 

Figure 3.2: WAMi at a Single �� Value ��o  

Therefore, the sum of the weighted areas for an item i (i.e., WAM value) represents the 

level of DIF for that item when compared to other item WAM values.   

Simulations 

To study the effectiveness of WAM, I examined 21 different combinations of focal and 

reference size.  Because the most frequently used group size in previous research falls between 

100 and 1000 and an interest of this dissertation study was on small samples, I chose a range for 

group sizes from 30 to 1000 respondents.  In addition, to simulate situations where a minority 

focal group is potentially at a disadvantage, the simulations examined included only those in 
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which the reference group size is larger than or equal to the size of the focal group.  Table 3.1 

shows group size combinations.  The left column identifies reference group sizes and header row 

identifies focal group sizes.  The scenario IDs are shown in the body of the table. 

Each combination was studied further by including three modeled DIF sizes.  The three 

sizes represent small, medium, and large DIF by manipulating item difficulty values for the focal 

group (i.e., simulating smaller group disadvantage).  Keeping discrimination parameters the 

same while varying difficulty parameters for two groups was the approach used by Swaminathan 

and Rogers (1990) to model DIF.  The modeled difficulty differences between groups for small, 

medium, and large effects are 0.3, 0.6, and 0.9, respectively, thereby providing coverage along 

the potential range of typical DIF values.  Combining the three modeled DIF sizes with the 21 

scenarios resulted in 63 different combinations reviewed in this dissertation study. 

Table 3.1:  Scenario IDs Identifying Focal and Reference Group Sizes 

 Focal Group Size 

Reference 

Group 

Size 

30 50 100 200 500 1000 

30 SIM30F30R     
 

 

50 SIM30F50R SIM50F50R    
 

 

100 SIM30F100R SIM50F100R SIM100F100R   
 

 

200 SIM30F200R SIM50F200R SIM100F200R SIM200F200R  
 

 

500 SIM30F500R SIM50F500R SIM100F500R SIM200F500R SIM500F500R 
 

 

1000 SIM20F1000R SIM50F1000R SIM100F1000R SIM200F1000R SIM500F1000R SIM1000F1000R 
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Data 

Five hundred datasets were generated for each combination that represented a specific 

focal and reference group size and modeled DIF size.  Each dataset consisted of ten binary 

variables per pseudo respondent corresponding to correct or incorrect (i.e., endorsed or not 

endorsed) responses.  Ten items were generated because early testing showed significant 

increases in cpu time when the number of variables increased beyond ten, and ten represents the 

number of items frequently found in short scales or measures.   

The combination dictated the number of respondents for each dataset.  For example, ID 

SIM50F200R represents a combination with 500 datasets, each with a focal group containing 

simulated respondents for 50 people on ten items and a reference group with simulated responses 

from 200 people on ten items.  Combinations associated with SMALL DIF have datasets with 

modeled DIF size of .3 in the one item simulating the possibility of individuals in the focal group 

being at a disadvantage.  This mimics a real life situation in which a small minority group scores 

lower on an exam, or when, for example, Pacific Islanders score higher on a depression scale 

than non-Pacific Islanders, or when a small group of individuals with a specific handicap score 

differently on a survey instrument than those without the handicap.   

These examples illustrate situations in which the smaller group (i.e., focal group) may be 

at a disadvantage inappropriately due to a DIF item.  A DIF item in these situations carries the 

potential for researchers, clinicians, or educators to incorrectly interpret individuals’ true level on 

the construct measured by the test or instrument.  That is, the DIF item in the data sets favors the 

reference group.   

The datasets were generated by Mplus 7 software using its Monte-Carlo routines.  The 

Mplus code used to create the datasets was written and executed by SAS macros.  For each 
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combination, SAS read information from an Excel file (see Appendix J) that identified the 

specific information to build and then write Mplus code.  An example of SAS written Mplus 

code is presented in Appendix K.  Because Mplus was used to generate the data and estimate the 

difficulty and discrimination values, parameterization of Mplus’s factor analysis model 

parameters are slightly different from the 2-PL IRT model.  For example, Table 3.2 shows values 

for the first dataset created in the combination SIM200F200R with DIF size MEDIUM.   

Table 3.2: Parameter Values and Estimates For a Single Dataset 

                              

  BILOG_MG Estimates    Mplus Estimates    Pre-Monte Carlo For Mplus 

  Focal Group     Focal Group     Both Groups   

  item a b    item a b    item a b   

  1 0.912 2.141    1 0.881 1.916    1 1 1.5   

  2 1.641 -0.469    2 1.967 -0.224    2 1.3 -1.1   

  3 0.598 2.226    3 0.575 1.996    3 0.4 1.3   

  4 0.916 -1.363    4 0.895 -0.980    4 1.1 -0.8   

  5 0.477 2.782    5 0.350 3.135    5 0.6 1.1   

  6 1.052 -0.335    6 1.153 -0.124    6 0.9 -0.4   

  7 0.513 1.801    7 0.413 1.907    7 0.7 0.9   

  8 1.220 0.066    8 1.231 0.178    8 0.8 -0.1   

  9 0.813 0.700    9 0.855 0.677    9 0.9 0.6   

  10 0.295 1.051    10 0.065 3.919    10 0.5 0.3   
                   

  Reference Group    Reference Group         

  item a b    item a b         

  1 0.912 2.154    1 0.895 2.175         

  2 1.641 -0.472    2 1.837 -0.468         

  3 0.598 2.233    3 0.552 2.385         

  4 0.916 -0.907    4 1.137 -0.780         

  5 0.477 2.788    5 0.387 3.373         

  6 1.052 -0.338    6 1.114 -0.337         

  7 0.513 1.805    7 0.450 2.025         

  8 1.220 0.059    8 1.393 0.042         

  9 0.813 0.704    9 0.753 0.724         

  10 0.295 1.046    10 0.093 3.260         

                              
 



   

35 
 

Table 3.2 shows the parameter values used in the Monte Carlo process, the parameter 

estimates from the Mplus IRT analysis for the 10 items in the dataset, and the parameter 

estimates from an analysis conducted with BILOG_MG on the same dataset.  For more 

information on alternative parameterizations of models involving binary items see Kamata and 

Bauer (2008). 

Because I examined 63 unique combinations each with 500 replications, 31,500 datasets 

were created and examined in this dissertation study.  A file structure using the scenario IDs was 

used to manage the large amount of data resulting from the execution of these analyses (see 

Appendix L).  The 31,500 datasets represent a simulated study environment containing 31,500 

focal groups and 31,500 reference groups containing a total of 5,010,000 individuals in focal 

groups, 14,595,000 individuals in reference groups, and 196,050,000 answered items. 

SAS Code Construction 

The development of SAS macro code required to conduct this dissertation study began 

with the identification of three major sections of code, hereafter named Parts 1, 2, and 3.  The 

first part generated data, estimated the IRT parameters, and estimated area (i.e., computed 

Rudner’s area between ICCs) and WAM estimates.  The second part conducted the Mantel-

Haenszel analysis, and the third developed the steps to create analysis output from the 

combination.  Parts 2 and 3 were designed with a primary calling and controlling macro to 

sequence appropriately code execution.  The Part 2 controlling macro was named 

MH_CONTROLLER and managed the formatting of Mplus generated data and then conducted 

the Mantel-Haenszel analysis.  The Part 3 controlling macro was called SIM_RESULTS and 

managed the analysis of WAM, the comparison of effectiveness between the three DIF detection 

methods, and also created graphs and charts.  Unlike Parts 2 and 3, Part 1 required the design of 
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multiple controlling macros.  Part 1 controlling macros were named SASIRT_CONTROLLER, 

MPLUSIRT_CONTROLLER, CREATE_CONTROLLER, and WAM_CONTROLLER.  These 

controlling macros managed the estimation of IRT parameters, equated the parameters, and 

calculated area and WAM values.  In addition to the controlling macros already mentioned, two 

additional macros were created.  SIM_CONSTRUCTION managed the creation of Mplus code 

to run the Mplus Monte Carlo routines (i.e., code to create simulation data).  

SIM_CONTROLLER managed the overall calling of controlling macros.  A graphical 

representation of the SAS macro call structure is in Appendix M.   

SAS macros Part 1 

Once the routines to call Mplus to generate the data for a specific combination were 

executed, SIM_CONTROLLER called a macro to get the list of dataset names to analyze for that 

specific combination.  SIM_CONTROLLER then sent the file list to one of two sets of macro 

routines to calculate IRT parameter estimates.  In an initial approach, one set of macros was 

designed to estimate the parameters using SAS’s NLMIXED procedure.  However, after many 

attempts to improve the efficiency of NLMIXED, the procedure proved too time consuming to 

permit the completion of this dissertation study in a timely manner.  Therefore, a second set of 

macro routines was designed that called Mplus to conduct the analyses to obtain the parameter 

estimates.  Preliminary testing verified similar estimations among the two sets of routines, so 

Mplus estimates were adopted for this dissertation study. 

Once the parameter estimates were obtained for focal and reference groups, macros were 

executed to check the validity of the data and analysis results.  This included checking that the 

estimates were not out of the analyzable range.  A maximum value of five was used to allow data 

with somewhat extreme ICCs before declaring an item not analyzable (i.e., invalid).  Next, 



   

37 
 

macros were run to set the focal group parameters on the same scale as the reference group 

parameters, and invalid or failed analyses were managed by setting item parameters to 0 (i.e., 

removing the items from DIF consideration) so the following simulations would be completed.  

Next, Area and WAM values were calculated and stored in anticipation of calling the routines in 

Part 3.  Appendix O presents a graphical representation of the macro calls for Part 1 and shows 

the variables that are passed between the macros during execution for both sets of macro 

parameter estimating routines (i.e., SAS’s PROC NLMIXED and Mplus’s IRT procedure).   

SAS macros Part 2 

Macros in Part 2 conducted the Mantel-Haenszel analyses on the files associated with the 

dataset names collected at the initial start of the run for each combination.  At the start of Part 2, 

macro routines manipulated the data into the required format for SAS’s PROC FREQ procedure.  

The PROC FREQ procedure conducted the Mantel-Haenszel analysis on data from the focal and 

reference groups.  The SAS macro that ran PROC FREQ also stored, in separate files for each 

dataset, output from the analyses that included 95% confidence intervals for the item odds ratios.  

After the analyses were completed and analyses output stored, a macro routine was called to read 

the analyses’ output that identified, by reading the odds ratios, items with significant Mantel-

Haenszel test values.  These findings were stored in analysis-results files so that the information 

was available for Part 3 routines. 

SAS macros Part 3 

Macros in Part 3 review the findings from the three procedures (i.e., Mantel-Haenszel, 

Area, and WAM) to present the overall results based on each combination.  Part 3 macros 

manipulate data created from the execution of macros in Parts 1 and 2 to allow the creation of 

various tables and graphs.  Information in the tables and graphs included ordering of items by 
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WAM values, items with the largest WAM values, items marked as DIF items by the three 

methods, and frequency of agreement/disagreement between the three methods.  Appendices A 

through G present some of the tables and graphs created in Part 3, and this information will be 

discussed in more detail in the following Results chapter. 

Macro Code Design Validation 

Prior to the formal execution of the 63 combinations, extensive testing was conducted to 

validate macro performance.  Each macro was designed initially as a stand-alone routine that 

either created, formatted, calculated, or analyzed data – depending on the macro’s primary 

purpose.  This macro design approach provided a means to either manually validate its 

performance by close visual review of macro output (i.e., by reviewing data in files) or by 

replicating data calculations with other tools such as Excel and Mplus.  One important process 

that was tested was the replication of ICC and IIC curves using Excel.  This replication validated 

the calculations performed within the SAS macros.  Once individual macro performance was 

validated, the component macros were added as macro calls within the appropriate SAS macro - 

Part 1, 2, or 3.  In addition, performance of each of the three Parts was also validated 

independently before combining them into a comprehensive routine.   

An important component to validating generated data and analyses was the monitoring of 

the actual execution of data generation and analyses for each combination.  This was 

accomplished by building into the design structure a frequently called macro to log execution 

process.  Information was written to a log file and included the starting call to the initial macro, 

progress of parameter estimates through the list of file names, and notices of calls to controlling 

macros in Parts 1, 2, and 3.  An example of an execution log is in Appendix I.   
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Another important component of validating the macro routines was the clean-up of past 

output from each previously executed combination.  Hundreds of temporary work files were 

created during execution of the replications for each combination, so additional macro code was 

included in macros that created work files.  This added code then deleted these temporary work 

files just prior to passing control back to the calling macro, which would verify that lingering 

information would not influence future simulations.  In addition to added macro code, a stand-

alone macro named SIM_CLEANUP was written to completely eliminate all data in folders used 

for each combination.   

The structural design of using controlling macros and an Excel file made it possible to 

rerun specific combinations with two simple macro calls - one to remove any lingering data or 

files from a previous combination run, and a second to execute code for any subsequent set of 

group sizes.  This provided an efficient approach to testing and retesting macro code on smaller 

sample sizes, thereby allowing the complete execution of a particular combination in minutes 

rather than hours.  As the size of the macro code grew (i.e., with increased numbers of macros in 

the calling structure) this ability became crucial to testing code effectively.  More specifically, a 

64th combination was added that was used only to test the macro code using very small group 

sizes (i.e., group sizes of 5, 10, and 20).  The scenario ID associated with testing is named SIM00 

and references to this combination are in different Appendices.  In addition, all the SAS macro 

code used in this dissertation study is presented in Appendix H. 

Analyses 

The review of WAM’s performance includes assessment of both the ability of WAM to 

select the item modeled to have DIF, as well as comparison of WAM’s DIF-item identification 

ability with that of two other DIF detection methods.  Given that no statistical significance test is 



   

40 
 

proposed for the WAM analysis, ranking of WAM values was used to examine item-selection 

effectiveness.  The rationale is that once the items are ranked according to potential levels of DIF 

(i.e., WAM values), subject experts can review item content starting with the items with the 

largest WAM values.  In addition, when adjacent items in the ranking show a large difference in 

WAM values, this indicates potential separation between items with and without DIF.  Using this 

suggested ordering of items, subject experts are offered a starting place to begin the review of 

items that may be biased.  Therefore, ranking of items by their WAM values was used in this 

dissertation study to identify DIF item selection effectiveness and when comparing the 

effectiveness of WAM to two other traditionally used DIF detection methods – Rudner’s Area 

method and the Mantel-Haenszel procedure.  

The effectiveness of WAM was examined by calculating the frequency with which WAM 

selected the modeled DIF item across the replications for each combination.  This included 

examining the correct selection frequencies when group sizes were small, when the focal and 

reference groups were close in size and when they were not, and examining the WAM ordering 

of items across the combinations.  WAM selected items by identifying the one with the largest 

WAM value.  Next, items selected by WAM were compared to the items selected by the Area 

method.  The comparison included the selection similarities/differences among the different 

combinations and analysis of how this changed as the group sizes changed.  Following the 

comparison of WAM to the Area method, WAM item selection was compared to the findings of 

the Mantel-Haenszel analyses (i.e., items with significant Mantel-Haenszel test values).  Again, 

this was done for all combinations.  In addition, because the Mantel-Haenszel is a significance 

test, an additional comparison was conducted.  This additional comparison began with the 
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assumption that the items Mantel-Haenszel identified as significantly different actually had DIF, 

and then examined the frequency in which WAM identified these same items.   

The last set of analyses was a comparison of all three methods.  This comparison 

involved the review of trends in item selection similarities/differences as group sizes changed 

(i.e., across the various combinations), thereby providing a look into group size effects on the 

three methods.    
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RESULTS 

The results of this dissertation study are presented in four major sections in this chapter.  

First, data are presented on the frequency with which WAM identified the modeled DIF item 

(i.e., item #4) in the 63 combinations - 21 scenarios of different group sizes and three modeled 

DIF sizes (SMALL, MEDIUM, and LARGE).  Second, WAM’s performance is compared to the 

effectiveness of the Area method in identifying the modeled DIF item.  Third, the performance 

of WAM for identifying modeled DIF items is compared to the statistical significance findings of 

the Mantel-Haenszel procedure, again on the 63 combinations.  Lastly, section four presents 

information on the overall performance and effectiveness of the three methods. 

WAM Performance 

For each of the 63 combinations, Mplus’s Monte-Carlo routines were used to create 500 

datasets that represent respondents from focal and reference groups.  The 500 datasets were 

analyzed (recognizing that some analyses fail due to randomization within the Monte-Carlo 

routines, or the analysis of a dataset produces parameter estimates that are too extreme to be used 

in a study – see Figure 4.10) that resulted in 5000 WAM values – ten items per dataset.  To better 

understand the many possibilities of WAM values and the influence of using an ordering 

technique to identify DIF in a set of items, WAM information collected from the thousands of 

replications in this dissertation study is presented in graphs and charts.  For example, Figure 4.1 

shows WAM values for two items (#3 and #4) in the combination with group sizes for both focal 

and reference groups at 200 and a DIF size of MEDIUM.  This figure shows the range of WAM 

values for the 500 datasets. 
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Figure 4.1: WAM Values for Scenario SIM200F200R (MEDIUM) 

Each dataset contained simulated responses for 10 items in which one of the 10 (item #4) 

was modeled with DIF.  Because only one item was modeled with DIF, WAM’s performance 

was based on the ability to identify which of the ten was modeled by selecting the one with the 

largest WAM value.  Figure 4.2 and 4.3 show, for all three modeled DIF sizes (0.3, 0.6, and 0.9 

respectively), the percentage of times item #4 was identified as the modeled DIF item out of the 

total number of valid analyses for the 500 datasets.  Figures 4.4 and 4.5 show the selection 

percentages for modeled DIF sizes MEDIUM and LARGE (0.6 and 0.9 respectively).  Figure 4.2 

shows selection percentages when the focal and reference group sizes were not balanced, while 

Figure 4.3 shows selection percentages for balanced group sizes.  The presentation of all three 

modeled DIF sizes shows the change in item #4 selection percentages both for the change in 

group size and by differences in modeled DIF sizes. 
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Figure 4.2: WAM Selection Percentages for Unbalanced Group Sizes 

 Figure 4.3: WAM Selection Percentages for Balanced Group Sizes 

The median percent of occasions when item #4 was selected from successful analyses 

was 17.61% and the mean percent was 30.05%.  Comparing scenarios with balanced number of 

respondents for focal and reference group to unbalanced group sizes finds that the mean 

percentage for balanced group-size scenarios was 60.82% and for unbalanced group scenarios 
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the mean percentage was 17.75%.  Figure 4.4 shows the item #4 selection percentages for 

SMALL DIF size for both balanced and unbalanced groups. 

Conceptually, if item #4 was selected 10% of the time, it can be assumed that WAM is 

equivalent to selecting items at random.  Less than 10% can be considered worse than random, 

and percentages larger than 10% indicate an improvement in selecting the modeled DIF item due 

to using WAM estimates.  Figure 4.4 shows the larger selection percentages when group size is 

balanced.  A 95% confidence interval for the percentage correct identification with unbalanced 

groups (n=15) is [16.09%, 19.40%] - well above the 10% baseline for random selection.  A 

review of Figures 4.5 and 4.6 show that the selection percentage for these two are also well 

above the 10% guideline.  Figures 4.7, 4.8, and 4.9 present the same percentage values shown in 

Figures 4.2 and 4.3, but turn the focus to differences by group sizes for SMALL, MEDIUM, and 

LARGE modeled DIF.   

 
Figure 4.4:  Selection Percentage for WAM with SMALL DIF 
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Figure 4.5: Selection Percentage for WAM with MEDIUM DIF 

Figure 4.6: Selection Percentage for WAM with LARGE DIF 

Connecting the selection percentage values with lines by reference group size show the 

similar increase in selection percentage as focal group size increases for all three DIF sizes 

(Figures 4.7-4.9).  In addition, the three figures show that selection percentage for each reference 

group size is the larges when the focal group size reaches the size of the reference group.   
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Figure 4.7: WAM Selection Percentages by Group Size (SMALL) 

Figure 4.8: WAM Selection Percentages by Group Size (MEDIUM) 

One unexpected observation is the larger increase in selection percentages when focal 

group size matches the reference group size (i.e., balanced).  The increase is assumed to be 

associated with the increase in power that follows the involvement of more responses, and 

possibly the observed increase is an artifact of how the Monte Carlo was used in this study.  
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However, an informed explanation of this increase was not part of this dissertation study, but is 

an important topic for future research. 

 
Figure 4.9: WAM Selection Percentages by Group Size (LARGE) 

Table 4.1 presents the percentages of times item 4 is flagged by modeled DIF size and 

group size, as well as the mean percent, and range for the 21 scenarios.  Mean percent values for 

the three DIF sizes are 30.05%, 34.41%, and 37.28%, respectively.  Using SPSS 21, a repeated 

measures ANOVA was conducted to test the possibility that the selection percentages for the 

three DIF sizes are different.  The results show that significant mean differences do exist for the 

factor of DIF size (see Table 4.2). 

 The pairwise comparisions following the repeated measures ANOVA show significant 

mean differences among the three DIF sizes (p-value = .014, .015, and .041 for SMALL to 

MEDIUM, SMALL to LARGE, and MEDUM to LARGE respectively).   Table 4.3 shows the 

results of the pairwise comparisons. 
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Table 4.1: WAM Selection Percentage for Modeled DIF sizes 

Scenario SMALL MEDIUM LARGE mean range 

30F30R 37.04% 36.01% 36.49% 36.51% 1.03% 

30F50R 14.81% 16.15% 14.58% 15.18% 1.57% 

30F100R 15.53% 16.78% 18.66% 16.99% 3.13% 

30F200R 15.02% 18.39% 16.47% 16.63% 3.37% 

30F500R 17.60% 17.92% 18.38% 17.97% 0.78% 

30F1000R 17.61% 16.74% 16.94% 17.10% 0.87% 

50F50R 36.00% 42.82% 43.78% 40.87% 7.78% 

50F100R 14.35% 18.50% 20.53% 17.79% 6.18% 

50F200R 15.62% 21.07% 23.76% 20.15% 8.14% 

50F500R 16.70% 16.78% 22.01% 18.50% 5.31% 

50F1000R 17.61% 16.74% 16.94% 17.10% 0.87% 

100F100R 48.87% 54.77% 57.20% 53.61% 8.33% 

100F200R 18.37% 23.33% 31.44% 24.38% 13.07% 

100F500R 17.58% 24.54% 28.40% 23.51% 10.82% 

100F1000R 17.61% 16.74% 16.94% 17.10% 0.87% 

200F200R 67.00% 70.20% 69.54% 68.91% 3.20% 

200F500R 20.00% 31.00% 43.69% 31.56% 23.69% 

200F1000R 20.00% 34.60% 48.70% 34.43% 28.70% 

500F500R 82.80% 83.80% 82.00% 82.87% 1.80% 

500F1000R 27.80% 52.60% 64.60% 48.33% 36.80% 

1000F1000R 93.20% 93.20% 91.80% 92.73% 1.40% 

mean 30.05% 34.41% 37.28%   

 

Because smaller datasets sometimes do not provide enough information to estimate 

discrimination and difficulty parameters, and other times an analysis may result in too extreme 

estimate values to be usable.  This was the case with some of the datasets in this study.  The 

smallest N (i.e., the number of analyzable datasets within the scenarios) was 332 (i.e., 

ID=SIM30F30R), the largest was 500, and the mean N for all the scenarios was 456.4.   
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Table 4.2: Repeated Measure ANOVA for WAM Selection Percentage Values 
 

Tests of Within-Subjects Effects  

Measure:   Percentage   

Source Type IV Sum 

of Squares 

df Mean 

Square 

F Sig. 

DIF 

Sphericity Assumed 555.963 2 277.981 9.611 .000

Greenhouse-Geisser 555.963 1.074 517.709 9.611 .005

Huynh-Feldt 555.963 1.086 511.987 9.611 .004

Lower-bound 555.963 1.000 555.963 9.611 .006

Error(DIF) 

Sphericity Assumed 1156.935 40 28.923   

Greenhouse-Geisser 1156.935 21.478 53.867   

Huynh-Feldt 1156.935 21.718 53.271   

Lower-bound 1156.935 20.000 57.847   

 

Table 4.3: Pairwise Comparisons of WAM Selection Percentage by DIF Size 

Pairwise Comparisons  

Measure:   Percentage   

(I) DIF (J) DIF Mean 

Difference 

(I-J) 

Std. Error Sig.b 95% Confidence Interval for 

Differenceb 

Lower Bound Upper Bound 

SMALL 
MEDIUM -4.360* 1.363 .014 -7.922 -.798

LARGE -7.225* 2.297 .015 -13.227 -1.223

MEDIUM 
SMALL 4.360* 1.363 .014 .798 7.922

LARGE -2.865* 1.062 .041 -5.639 -.091

LARGE 
SMALL 7.225* 2.297 .015 1.223 13.227

MEDIUM 2.865* 1.062 .041 .091 5.639

Based on estimated marginal means 

*. The mean difference is significant at the .05 level. 

b. Adjustment for multiple comparisons: Bonferroni. 

 
Figure 4.10 shows the smallest number of valid datasets from the three DIF size 

combinations for each of the 21 scenarios.  The figure shows that all the datasets from the 

initially created 500 in each scenario were valid once the group sizes were 200 or larger. 
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Figure 4.10: Valid Dataset Count for Scenarios 

In addition to reviewing the selection percentages among the 63 combinations, 

descriptive information on WAM values was reviewed.  Appendix A contains sets of graphs for 

each of the 21 scenarios, wherein each set presents descriptive information (i.e., minimum, 

maximum, and median) on WAM values for the three modeled DIF sizes.  The descriptive 

information is presented in graphical format and shows the ten items sorted by their WAM 

median values.  Similar to the information presented in Figure 4.2 and Figure 4.3, the number of 

times item #4 had the max WAM value differs between modeled DIF sizes.  For SMALL 

modeled DIF, item #4 had the max WAM in only six out of the 21 scenarios (28.6%).  For 

MEDIUM modeled DIF nine out of 21 (42.9%), and for LARGE 10 out of 21 (47.6%).  Tables 

A.1 – A.3 in Appendix A show the complete ordering of the items by WAM median values in 

numerical format. 

Appendix E, WAM Descriptive Data, presents information on the WAM values for the 

63 combinations.  In graphical format, WAM value estimates for each of the 10 items are 

presented in box-and-whiskers plots to show variations in the spread of the estimates as group 

sizes change.  Understandably, because WAM calculations are closely tied to the accuracy of 
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IRT parameter estimates, the box-and-whiskers plots show decreases in the standard errors as 

group sizes increase.  This is particularly noticeable when comparing the plots among the 

combinations for the items that were not modeled to have DIF (i.e., items other than #4). 

WAM vs. Area 

Similar to WAM, DIF identification using the Area method is based on ordering the 

items from smallest to larges in terms of area (i.e., space between ICCs) and selecting the item 

with the largest Area value as most likely to be the modeled DIF item.  Because this dissertation 

study modeled only one item to have DIF, comparing WAM to Area is accomplished by 

comparing the frequency with which the two methods identify item #4 out of the 10 items.  

Figure 4.11 presents, for the 21 scenarios with SMALL modeled DIF, the percentage of times 

item #4 was identified as the modeled DIF item out of the total number of valid analyses for both 

WAM and Area methods.  Figure 4.11 illustrates that WAM identified the DIF item more 

frequently than the Area method in 17 of the 21 scenarios.  The group sizes were balanced in all 

four instances in which the Area method was superior.  However, when comparing these 

identification rates, WAM successfully identified the DIF item on an average of 12.08% more 

than the Area method, and the Area method surpassed WAM only 5.48% of the time on average.   

Importantly, when group sizes were unbalanced, WAM always outperformed the Area 

method, as Area never identified DIF at greater than chance rates.  A 95% confidence interval for 

the mean identification rate for only the unbalanced groups (n=15) is [3.84%, 5.72%] - well 

below the 10% random selection rate.  In addition, a Pearson correlation between the selection 

percentages for Area and WAM is 0.98 (n=21), and a paired t-test for H0: µ(AREA) = µ(WAM) at 

�.=0.05 shows a significant mean difference (p<0.001).  Figure 4.12 and Figure 4.13 show the 

WAM vs. Area selection percentages for MEDIUM and LARGE modeled DIF, respectively. 
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Figure 4.11: WAM and Area Item #4 Selection Percentage by Scenario (SMALL) 
 
Figures 4.12 and Figure 4.13 show results similar to those in Figure 4.11 for item #4 

selection percentages among scenarios except that the Area method always selects more 

frequently item #4 than WAM when group sizes are balanced.  Another observation is the 

tendency for both methods to increasingly select item #4 as the group sizes increase (i.e., which 

is a reflection of the increased power for larger sample sizes), and that this increase is larger for 

larger modeled DIF sizes (i.e., SMALL to LARGE modeled DIF).   

A 95% confidence interval for Area selection percentages for only the unbalanced groups 

(n=15) for MEDIUM modeled DIF is [5.29%, 7.65%], and it is not until modeled DIF is LARGE 

that Area’s 95% confidence interval incorporates the 10% guideline for random selection - 

[5.09%, 11.04%].  In addition, the percentage difference between the two methods increases as 

modeled DIF size increases (see Table 4.4).  This implies that the differences in performance 

between Area and WAM are greater for larger DIF sizes. 

Table 4.4 shows that as modeled DIF increases, the difference in frequency of selecting 

item #4 increases.  This is a clear indication that WAM is not performing as a replicate of the 
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Area method, and that introducing a weighting strategy does influence the identification of items 

with DIF characteristics differently than the Area method. 

Figure 4.12: WAM and Area Item #4 Selection Percentage by Scenario (MEDIUM) 

Figure 4.13: WAM and Area Item #4 Selection Percentage by Scenario (LARGE) 

Table 4.4:  Selection Percentage Difference Between Area and WAM   

Modeled DIF 
Size 

Mean Selection Difference 
WAM Surpassed Area 

Combinations 

Mean Selection Difference 
Area Surpassed WAM Combinations 

SMALL 12.08% 5.48% 
MEDIUM 16.32 % 5.92% 
LARGE 18.74 % 9.64 % 
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To explore further this relationship, graphs showing WAM, Area, ICCs for focal and 

reference groups, and IIC values along the latent construct were examined.  The graphs 

represented the item with the largest WAM value for each combination (see Appendix B), which 

offered a graphical presentation of WAM’s weighting strategy along the latent construct in 

comparison to Area, ICCs, and IIC values.  One of WAM’s theorized benefits is the down 

weighting areas between the IICs in the extremes of the latent construct (i.e., less than -2.0 and 

greater than 2.0).  This benefit can be seen graphically in a few of the sets in Appendix B (e.g., 

B.3, B.8, and B.13) where the graphs represent extremes in parameter estimates and differences 

between the focal and reference groups. 

WAM vs. Mantel-Haenszel 

Unlike WAM, in which the ordering identifies items that have DIF characteristics, the 

Mantel-Haenszel procedure identifies only items for DIF consideration that have statistically 

significant Mantel-Haenszel values.  Hence, lack of power when analyzing smaller groups may 

not allow the opportunity for Mantel-Haenszel to identify any item with DIF in certain cases.  In 

such situations and in the datasets for this dissertation study, not identifying a DIF item does not 

necessary mean one does not exist.  Therefore, the comparison of WAM to Mantel-Haenszel is 

the comparison of WAM – that always identifies one most likely DIF item out of the list of 10 – 

to the Mantel-Haenszel procedure, that will select all items with significant Mantel-Haenszel 

values in the list of 10, or none if there are no significant values.  SAS code was written to read 

the confidence interval of the odds ratio to determine significance.  As a demonstration of SAS’s 

Mantel-Haenszel analysis output, Appendix D displays, in graphical format, the odds ratio from 

the Mantel-Haenszel procedure for the ten items in a single simulation.  The graphs in Appendix 
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D represent output for the first dataset in the scenario (i.e., 21 sets of graphs for three modeled 

DIF sizes). 

Figure 4.14 shows, for the 21 scenarios with SMALL modeled DIF, the percentage of 

times item #4 was identified as the modeled DIF item out of the total number of valid analyses 

for both WAM and Mantel-Haenszel procedure.   

Figure 4.14: WAM and MH Item #4 Selection Percentage (SMALL) 

WAM consistently selected item #4 more frequently than Mantel-Haenszel for group 

sizes below 500.  Once group size reached 500, Mantel-Haenszel selected item #4 more 

frequently than WAM except for combination SIM500A500B-SMALL (i.e., balanced group 

sizes of 500 for the combination).  A paired t-test for H0: µ(WAM) = µ(MH) at �.=0.05 for SMALL 

modeled DIF shows a significant mean difference (p<0.01).  However, a similar t-test for 

MEDIUM modeled DIF did not show a significant mean difference (p=0.41).  In addition, if 

Mantel-Haenszel’s selection percentages for combinations with only unbalanced groups are used 

to calculate a 95% confidence Interval, the results are [7.64%, 21.36%] which includes the 10% 

base rate. 
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Similar to Figure 4.14, Figures 4.15 and Figure 4.16 show differences in selection 

percentages for WAM and Mantel-Haenszel from among the 21 scenarios for MEDIUM and 

LARGE DIF sizes.  For MEDIUM modeled DIF, Mantel-Haenszel selected item #4 as the 

modeled DIF item almost 100% of the time once group size reached 500, and for LARGE 

modeled DIF reaching almost 100% occurred at group size of 200.  95% confidence intervals for 

MEDIUM and LARGE modeled DIF for Mantel-Haenszel and unbalanced groups are [20.55%, 

49.49%] and [38.87%, 67.69%], respectively.  Unlike the confidence interval for SMALL 

modeled DIF, these two confidence intervals do not include the 10% guideline for random 

selection.  As modeled DIF size increases, the frequency in which Mantel-Haenszel selects item 

#4 surpasses WAM.  A t-test for mean percentage differences for LARGE modeled DIF between 

WAM and MH was significant (p<0.001).  Figures 4.14, 4.15, and 4.16  show that the size of 

modeled DIF influenced selection of item #4 for Mantel-Haenszel more than DIF size influenced 

WAM.  This is more apparent in Table 4.5. 

 
Figure 4.15: WAM and MH Item #4 Selection Percentage (MEDIUM) 
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Figure 4.16: WAM and MH Item Selection Percentage (LARGE) 

Table 4.5 shows the percentage change moving from SMALL to MEDIUM modeled 

DIF, and from MEDIUM to LARGE, for both WAM and Mantel-Haenszel.  The highlighted 

change percent values are those larger than 10%.  Only six values are highlighted for WAM 

compared to 29 values for Mantel-Haenszel, indicating that the ordering of items by WAM 

values is not nearly as influenced by modeled DIF size as the identification of significance used 

by Mantel-Haenszel.  Calculating 95% confidence intervals for the means across columns in 

Table 4.5 result in [1.69%, 7.03%], [0.78%, 4.95%], [13.34%, 31.58%], and [12.79%, 23.32%] 

for WAM SMALL-to-MEDIUM, WAM MEDIUM-t o-LARGE, MH SMALL-to-MEDIUM, and 

MH MEDIUM-to-LARGE, respectively.  These confidence intervals demonstrate that the 

change differences between WAM and Mantel-Haenszel are significant.  In addition, the change 

difference for WAM SMALL-to-MEDIUM is not significantly different from that for WAM 

MEDIUM-to-LARGE, and similar non-significant findings were identified for Mantel-Haenszel 

differences between SMALL-to-MEDIUM and MEDIUM-to-LARGE.   
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WAM vs. Area vs. Mantel-Haenszel 

To explore further factor differences for all three methods, selection percentage values 

were entered into a dataset that linked these percentage values to reference group size (ref), focal 

group size (focal), modeled DIF size (DIF_group), method (i.e., WAM, Area, or MH), and 

whether a value was from a balanced group size scenario or an unbalance one (balanced).  This 

constructed dataset was used to conduct the following analyses. 

Table 4.5: Selection Percentage Change influenced by Modeled DIF size 

 WAM Mantel-Haenszel 

Scenario 

SMALL to 

MEDIUM 

MEDIUM to 

LARGE 

SMALL to 

MEDIUM 

MEDIUM to 

LARGE 

30F30R -1.03% 0.48% 2.08% 5.07% 

30F50R 1.34% -1.57% 7.46% 11.94% 

30F100R 1.25% 1.88% 6.89% 14.27% 

30F200R 3.37% -1.92% 9.72% 10.70% 

30F500R 0.32% 0.46% 10.42% 14.53% 

30F1000R -0.87% 0.20% 9.70% 15.94% 

50F50R 6.82% 0.96% 2.39% 17.58% 

50F100R 4.15% 2.03% 11.44% 21.92% 

50F200R 5.45% 2.69% 12.74% 25.36% 

50F500R 0.08% 5.23% 16.39% 27.58% 

50F1000R -0.87% 0.20% 9.70% 15.94% 

100F100R 5.90% 2.43% 16.44% 51.92% 

100F200R 4.96% 8.11% 25.23% 30.43% 

100F500R 6.96% 3.86% 33.13% 31.24% 

100F1000R -0.87% 0.20% 9.70% 15.94% 

200F200R 3.20% -0.66% 67.40% 30.60% 

200F500R 11.00% 12.69% 48.40% 20.80% 

200F1000R 14.60% 14.10% 52.80% 15.80% 

500F500R 1.00% -1.80% 69.80% 0.00% 

500F1000R 24.80% 12.00% 44.00% 1.60% 

1000F1000R 0.00% -1.40% 5.80% 0.00% 
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Using SPSS 21, a One-way ANOVA was conducted using selection percentage as the 

dependent variable and method as the factor.  Levene’s test of equal variance failed (p=.003), and 

even though the analysis showed statistically significant differences between method means 

(F(2,63)=3.359, p=.037), Games-Howell post-hoc tests showed no statistically significant mean 

differences between any two methods (see Table 4.6). 

Table 4.6: One-way ANOVA Post Hoc Test for Selection Percentage by Method 

 

 
Next, a repeated measures ANOVA was conducted using selection percentage as the 

dependent variable, but this time balanced was identified as a between factor (i.e., whether group 

size was balanced or not) and method was identified as a within factor.  The results concurred 

with the One-way ANOVA in that mean differences by method alone were not statistically 

significant.  However, statistically significant mean differences were found for the combination 

of balanced and method (see Table 4.7).  In addition, the tests of between subjects effects for 

balanced was also significant (p<.001).  Table 4.8 shows mean selection percentages for the two 

factors method and balanced. 

A second repeated measures ANOVA was conducted that used selection percentage as 

the dependent variable, modeled DIF size as a between factor, and method as a within factor.  

Dependent Variable:   percentage  

Games-Howell   

(I) 

method_group 

(J) 

method_group 

Mean 

Difference 

(I-J) 

Std. Error Sig. 95% Confidence Interval 

Lower Bound Upper Bound

WAM 
Area 9.77333 4.87725 .116 -1.8070 21.3537

MH -3.45810 5.18647 .783 -15.7806 8.8644

Area 
WAM -9.77333 4.87725 .116 -21.3537 1.8070

MH -13.23143 5.78189 .061 -26.9486 .4857

MH 
WAM 3.45810 5.18647 .783 -8.8644 15.7806

Area 13.23143 5.78189 .061 -.4857 26.9486
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The analysis showed statistically significant mean percent differences for method, modeled DIF 

size, and for the combined modeled DIF size and method (see Table 4.9).   

Table 4.7: Repeated Measures ANOVA using Method and Balanced as Factors 

Tests of Within-Subjects Effects  

Measure:   Percentage   

Source Type IV Sum 

of Squares 

df Mean Square F Sig. 

Method 

Sphericity Assumed 670.462 2 335.231 1.582 .210

Greenhouse-Geisser 670.462 1.104 607.395 1.582 .214

Huynh-Feldt 670.462 1.128 594.570 1.582 .215

Lower-bound 670.462 1.000 670.462 1.582 .213

Method * 

balanced_YN 

Sphericity Assumed 16900.903 2 8450.451 39.875 .000

Greenhouse-Geisser 16900.903 1.104 15311.119 39.875 .000

Huynh-Feldt 16900.903 1.128 14987.831 39.875 .000

Lower-bound 16900.903 1.000 16900.903 39.875 .000

Error(Method) 

Sphericity Assumed 25854.767 122 211.924   

Greenhouse-Geisser 25854.767 67.334 383.979   

Huynh-Feldt 25854.767 68.786 375.872   

Lower-bound 25854.767 61.000 423.849   

 

Table 4.8: Mean Selection Percentages by Factors Method and Balanced 
 

Measure:   Percentage   

balanced_YN Method Mean Std. Error 95% Confidence Interval 

Lower Bound Upper Bound 

No 

 AREA 6.439 1.895 2.651 10.227 

MH 34.268 5.044 24.182 44.355 

WAM 22.447 2.175 18.097 26.797 

Yes 

AREA 68.399 2.996 62.409 74.389 

MH 45.135 7.976 29.186 61.084 

WAM 62.584 3.440 55.707 69.462 

 

After verifying that there was enough representation for all the factor combinations (i.e., 

N > 5), balanced was added to the model as a third factor.  The results from this three-factor 
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ANOVA model showed large amount of explained variance (Adjusted R Squared = .521).  The 

analysis showed that by adding balanced, mean percentages for method are no longer statistically 

different, but mean percentages for the combined method and balanced are (see Table 4.10).  

Table 4.9: Repeated Measures ANOVA using Method and DIF_group as Factors 

Measure:   Percentage   

Source Type IV Sum 

of Squares 

df Mean Square F Sig. 

Methods 

Sphericity Assumed 5933.491 2 2966.745 10.316 .000

Greenhouse-Geisser 5933.491 1.097 5407.754 10.316 .002

Huynh-Feldt 5933.491 1.140 5206.706 10.316 .001

Lower-bound 5933.491 1.000 5933.491 10.316 .002

Methods * 

DIF_group 

Sphericity Assumed 8246.881 4 2061.720 7.169 .000

Greenhouse-Geisser 8246.881 2.194 3758.084 7.169 .001

Huynh-Feldt 8246.881 2.279 3618.367 7.169 .001

Lower-bound 8246.881 2.000 4123.441 7.169 .002

Error(Methods) 

Sphericity Assumed 34508.789 120 287.573   

Greenhouse-Geisser 34508.789 65.833 524.186   

Huynh-Feldt 34508.789 68.375 504.698   

Lower-bound 34508.789 60.000 575.146   

 
Turning attention to group sizes, an ANOVA was conducted with factors balanced and 

reference group size (ref).  Though the analysis showed statistically significant differences 

between ref percentage means (p<.001), The Tukey HSD Post Hoc test showed no ref group 

pairing with significant mean differences (i.e., p-value ranged from 1.0 to .088).  

However, the Tukey HSD Post Hoc test following the ANOVA, after replacing factor ref 

with focal group size (focal), showed multiple focal group pairing with statistically significant 

mean differences (see Table 4.11).  Another result from this ANOVA model was the increase in 

Adjusted R Squared to .599.  A graph containing the estimated marginal means of selection 

percentages for both balanced and unbalanced group sizes is presented in Figure 4.17. 
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Table 4.10: ANOVA with Factors Method, Modeled DIF Size, and Balanced 

Dependent Variable:   percentage  

Source Type III Sum 

of Squares 

df Mean 

Square 

F Sig. Partial Eta 

Squared 

Corrected Model 96009.360a 17 5647.609 13.014 .000 .564

Intercept 245363.865 1 245363.865 565.422 .000 .768

DIF_group 8582.770 2 4291.385 9.889 .000 .104

Method 670.462 2 335.231 .773 .463 .009

Balanced 54689.100 1 54689.100 126.027 .000 .424

DIF_group * method 7221.952 4 1805.488 4.161 .003 .089

DIF_group * balanced 68.514 2 34.257 .079 .924 .001

Method * balanced 16900.903 2 8450.451 19.473 .000 .186

DIF_group * method * 

Balanced 

257.288 4 64.322 .148 .964 .003

Error 74205.099 171 433.948    

Total 361459.041 189     

Corrected Total 170214.458 188     

a. R Squared = .564 (Adjusted R Squared = .521) 

 
Matching WAM and Area to Mantel-Haenszel 

In the previously discussed analyses, the results were based on the frequency with which 

item #4 was selected (i.e., modeled DIF item).  However, due to the randomness within the 

Monte-Carlo construction of the datasets, in some simulations an item other than item #4 may 

have the largest DIF characteristic.  To include this possibility within the review of the results, a 

comparison of the frequency in which WAM and Area match the item(s) identifies as having 

DIF by Mantel-Haenszel was used to examine consistency between the three proceedures.  This 

is accomplished by first identifying the item(s) Mantel-Haenszel selects as having DIF 

characteristics, and then examining how often WAM and Area identify the item.   
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Table 4.11:  ANOVA with Factors Balanced and Focal 

Dependent Variable:   percentage  

Tukey HSD   

(I) focal (J) focal Mean 

Difference (I-J) 

Std. Error Sig. 95% Confidence Interval 

Lower Bound Upper Bound 

30 

50 -2.8798 3.84520 .975 -13.9579 8.1983

100 -11.1808 4.09899 .075 -22.9901 .6284

200 -30.2478* 4.49022 .000 -43.1842 -17.3114

500 -50.8389* 5.18486 .000 -65.7766 -35.9012

1000 -80.5833* 6.85893 .000 -100.3440 -60.8226

50 

30 2.8798 3.84520 .975 -8.1983 13.9579

100 -8.3011 4.25980 .376 -20.5736 3.9715

200 -27.3680* 4.63748 .000 -40.7287 -14.0073

500 -47.9591* 5.31290 .000 -63.2657 -32.6525

1000 -77.7036* 6.95622 .000 -97.7446 -57.6625

100 

30 11.1808 4.09899 .075 -.6284 22.9901

50 8.3011 4.25980 .376 -3.9715 20.5736

200 -19.0669* 4.85000 .002 -33.0399 -5.0940

500 -39.6581* 5.49938 .000 -55.5019 -23.8142

1000 -69.4025* 7.09967 .000 -89.8568 -48.9482

200 

30 30.2478* 4.49022 .000 17.3114 43.1842

50 27.3680* 4.63748 .000 14.0073 40.7287

100 19.0669* 4.85000 .002 5.0940 33.0399

500 -20.5911* 5.79685 .006 -37.2920 -3.8903

1000 -50.3356* 7.33250 .000 -71.4606 -29.2105

500 

30 50.8389* 5.18486 .000 35.9012 65.7766

50 47.9591* 5.31290 .000 32.6525 63.2657

100 39.6581* 5.49938 .000 23.8142 55.5019

200 20.5911* 5.79685 .006 3.8903 37.2920

1000 -29.7444* 7.77730 .002 -52.1510 -7.3379

1000 

30 80.5833* 6.85893 .000 60.8226 100.3440

50 77.7036* 6.95622 .000 57.6625 97.7446

100 69.4025* 7.09967 .000 48.9482 89.8568

200 50.3356* 7.33250 .000 29.2105 71.4606

500 29.7444* 7.77730 .002 7.3379 52.1510

Based on observed means. 

 The error term is Mean Square(Error) = 362.918. 

*. The mean difference is significant at the .05 level. 
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Figure 4.17: Estimated Marginal Selection Percentage Means 

Due to the wide variation in the number of items Mantel-Haenszel selects across 

scenarios, the results of the analyses are presented in frequencies rather than selection percent 

values.  Figure 4.18 shows the number of times WAM vs. Area identified item selected by 

Mantel-Haenszel for the 21 scenarios with SMALL modeled DIF size. 

In cases in which Mantel-Haenszel did not identify an item, no matches are possible; 

thus, zero does not always imply that mismatches between WAM or Area and Mantel-Haenszel 

exist but it means that no items to match with Mantel-Haenszel were available (e.g., 

SIM30F30R-SMALL).  The information presented in Figure 4.18 shows that when using only 

items identified by Mantel-Haenszel, WAM and Area methods do not always agree.  The 

highlighted cells indicate which of the two methods more frequently matched Mantel-Haenszel.  
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When Area was favored, the matching frequency difference between WAM and Area, on 

average, was 5.1 in favor of Area. 

Figure 4.18:  WAM and Area Matching MH (SMALL) 

When WAM was favored, the difference was 19.  Therefore, when Area matched Mantel-

Haenszel more frequently than WAM, Area method identified five more items on average.  

When WAM matched Mantel-Haenszel more frequently than Area, WAM identified 19 more 

items on average.  A paired t-test for mean number of items matching Mantel-Haenszel among 

Area and WAM (i.e., H0: µ(Area) = µ(WAM) at �.=0.05) shows no significant mean difference 

(p=0.086) for the data in Figure 4.18.  Figure 4.19 and Figure 4.20 show similar comparisons 

between the two methods for MEDIUM and LARGE modeled DIF sizes. 

For MEDIUM modeled DIF size, when Area was favored the mean frequency difference 

was 20.6 compared to a mean of 42.1 when WAM was favored.  The difference value was even 

greater for LARGE modeled DIF – the mean when Area was favored was 38 compared with 60.7 

when WAM was favored 
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Figure 4.19:  WAM and Area Matching MH (MEDIUM) 

 

Figure 4.20:  WAM and Area Matching MH (LARGE) 
 
A paired t-test for H0: µ(Area) = µ(WAM) at �.=0.05 for data in Figures 4.19 and 4.20 show 

not significant and significant mean differences (p=0.058 and p=0.048, respectively).  Paired t-

test for the three modeled DIF sizes for only unbalanced group sizes are all significant (p=0.021, 
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0.010, and 0.002 for SMALL, MEDIUM, and LARGE respectively).  However, only one of the 

paired t-tests for scenarios with balanced group sizes was significant for the LARGE DIF case 

(p=0.137, 0.055, and 0.023 for SMALL, MEDIUM, and LARGE respectively).  A review of 

Figures 4.18, 4.19, and 4.20 show that WAM is more frequently selecting potential DIF items 

than the Area method (i.e., while using items identified by Mantel-Haenszel as having DIF), 

especially when group sizes are smaller (i.e., less than 200). 

Continuing with the selection of items identified by Mantel-Haenszel, and to offer a 

potentially wider view into WAM descriptives, the following provides information on WAM 

value estimating in two conditions.  First, I examined all combinations in which WAM and 

Mantel-Haenszel selected the same item as having DIF.  The remainder of combinations where 

WAM and Mantel-Haenszel did not match is the second condition.  The theory behind creating 

two groups to review WAM descriptives is similar to splitting a sample into two, which allows 

for validity testing of calculated estimates.   

Appendix G contains three tables, one for each modeled DIF size, and presents the 

number of valid replications, mean, standard deviation, minimum, and maximum values for the 

WAM values.  The three tables show the similarity in the estimates over the many datasets 

within the combinations, and how the estimate improves (i.e., value of standard deviation 

decreases) as the group size increases.  The WAM descriptives within each table show no signs 

of differences in WAM estimates or differences in calculated WAM estimate range across the 

two conditions (matched vs. other).  Table 4.12 presents 95% confidence intervals for the mean 

WAM estimates for the three modeled DIF values and the two conditions.  The degree to which 

the confidence intervals overlap between Matched MH and Did Not Match MH is another sign 

of the stability of WAM estimates.  
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Table 4.12:  95% Confidence Interval for Mean WAM estimates 

 Did Not Match MH Matched MH 
Modeled DIF size Lower Upper Lower Upper 
SMALL 0.130 0.207 0.143 0.232 
MEDIUM 0.141 0.213 0.147 0.225 
LARGE 0.164 0.225 0.180 0.244 

 

Overall Findings 

Appendix C contains 21 sets of graphs for the 21 scenarios.  Each set of graphs shows 

results by DIF size (i.e., SMALL, MEDIUM, and LARGE).  Each graph is a bar chart showing 

the number of times each of the 10 items was selected by the three methods (i.e., WAM, Area, 

and Mantel-Haenszel).  For WAM and Area methods, the item with the largest WAM and largest 

Area value, respectively, to the top was selected, resulting in one item being selected for each 

replication within the combination.  For Mantel-Haenszel, items that were identified as 

significant were counted, leaving the possibility of none to many items selected for each 

replication. 

The charts in Appendix C show that all methods select item #4 more frequently than the 

other nine items in most combinations.  In addition, the charts show that the frequency of 

selecting items other than item #4 is not similar for WAM and Area.  For many combinations, 

WAM is disproportionally selecting items #1 and #2 more often than items #3 and #5-10, and 

Area is disproportionally selecting more often items #3, #5, and #10.  The differences between 

WAM and Area selection patterns is another example of WAM’s weighting being distinct from 

Area in selecting DIF items.  Future research involving these observed selection patters is 

important to understanding how to move WAM into a more effective tool to identifying DIF 

items. 
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Unlike WAM and Area, Mantel-Haenszel does not disproportionally select items from 

the list of nine non-DIF items.  This is seen in the relatively uniform distribution of the non-DIF 

item (i.e., item #4) selection frequency for Mantel-Haenszel in the charts in Appendix C.  The 

range, when a selection distribution was present, ranged between 20 and 30, and was consistent 

for the 21 scenarios.  The instances when the uniform look was not present were when the group 

sizes for the scenarios were balanced.  The influence of balanced group sizes on the tendency of 

Mantel-Haenszel and WAM disproportionally select items is an important topic for future 

research. 

To explore further the effectiveness of the three methods, Appendix F contains six tables 

in which each table presents selection percentages for item #4 by DIF size.  Tables F.1 and F.2 in 

Appendix F show, in detail, the percentage of the time that WAM, Area, Mantel Haenszel, and 

all combinations of these methods, selected item #4 (i.e., the modeled DIF item) for all 21 

scenarios for SMALL modeled DIF size.  Tables F.3 through F.6 show percentages for 

MEDIUM and LARGE modeled DIF sizes.  In a more consolidated presentation than Appendix 

F, Figures 4.21, 4.22, and 4.23 below present the percentage that WAM, and WAM in 

combination with the other methods, selected item #4 for all 21 scenarios for SMALL, 

MEDIUM, and LARGE modeled DIF. 

Figure 4.21 shows for modeled DIF size SMALL that WAM alone (i.e., Only WAM) 

most frequently selects item #4 in 16 out of the 21 scenarios.  In addition, similar to earlier 

results, Figure 4.21 shows that Mantel-Haenszel procedure does not select item #4 very 

frequently when modeled DIF size is SMALL and group size is less than 500.  
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Figure 4.21:  Item #4 Selection Percentage Comparison (SMALL) 

Figures 4.22 and 4.23 are the versions of Figure 4.21 for MEDIUM and LARGE modeled 

DIF sizes, respectively.  In these two figures, findings are similar to those from Figure 4.21.  

However, an identifiable difference is the increase in “WAM and MH” values as DIF size and 

group size increase.  Another difference is the decrease in “WAM and Area” values as DIF size 

and group size increases. 

These recognizable differences indicate, in general, that WAM is selecting the modeled 

DIF item more frequently than the Mantel-Haenszel procedure when DIF is SMALL, and that 

WAM’s selection of DIF items is more in line with Mantel-Haenszel than with Area’s selection 

of DIF items.  To summarize briefly the findings in his chapter, WAM is selecting the modeled 

DIF item significantly more often than the Area method and Mantel-Haenszel procedure when 

the group size is small (i.e., < 200) and when modeled DIF size is SMALL.  The 95% confidence 

intervals for WAM selection percentages never fell below the 10% guideline for random 

selection, which was not the case for Area and Mantel-Haenszel.  In addition, WAM estimates 

were stable and the ordering of items by their WAM values was similar among the three modeled 

DIF sizes.   
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Figure 4.22:  Item #4 Selection Percentage Comparison (MEDIUM) 

Figure 4.23:  Item #4 Selection Percentage Comparison (LARGE) 

Mantel-Haenszel item selection was the most influenced by modeled DIF size (i.e., 

among the three modeled DIF sizes), as evidenced by demonstrating the widest swing from 

infrequently selecting items for SMALL modeled DIF to most frequently selecting modeled DIF 

items for LARGE modeled DIF, particularly for groups sizes larger than 200.  The Area method 

did not select modeled DIF items as frequently as WAM, except when group sizes were 
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balanced.  This demonstrated that the Area method was less able to select modeled DIF items 

than WAM and Mantel-Haenszel. 
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CONCLUSION 

Past research on IRT and DIF has resulted in opportunities to improve the quality of 

measures used in testing, research, and practice.  Nevertheless, the application of DIF analyses 

has been hampered by a lack of consensus on the size of the samples necessary for appropriate 

use of DIF methods.  Further, researchers frequently face small sample sizes when doing pilot 

studies or small clinical trials, and they are disadvantaged by having no methods that adequately 

identify DIF in their tests and measures.  To address this issue, I developed a new Weighted Area 

Method (WAM) for detecting DIF.  WAM extended the work of Rudner and Raju in the use of 

the area between two ICCs to identify DIF by adding a weighting strategy.  I examined the 

theory that the addition of weighting would enhance the ability to identify DIF items, especially 

when group sizes are small (i.e., less than 200).   

WAM’s ability to detect DIF was examined by modeling three different degrees of DIF 

for 21 different focal-reference group sizes (i.e., 63 different combinations).  Thousands of 

datasets representing focal and reference groups were created and analyzed to study WAM and 

two other DIF detection methods – Rudner’s Area method and the Mantel-Haenszel procedure.  

In most of the combinations, WAM outperformed the Area method.  In addition, WAM 

outperformed Mantel-Haenszel when group sizes were 200 or less and when modeled DIF was 

SMALL.  Therefore, there is ample evidence to recommend further research into the use of 

WAM and how WAM might be improved to better predict DIF items when group sizes are large 

(i.e., 500+) and DIF is large (0.9+). 

WAM is a newly theorized strategy that uses information from both the IIC and ICC 

curves to identify DIF items.  Because manually testing thousands of datasets is time prohibitive, 

an automated approach was implemented.  The extensive coding required for this automated 
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approach is a noteworthy product of this dissertation study.  I invested the time and resources to 

travel to the SAS North Carolina campus to meet with SAS experts, as the requirements for this 

project were extensive and out of the ordinary. 

I created the automated approach by designing and developing a large library of SAS 

macros that read characteristics from an Excel file for each of the 63 combinations.  The 

information in the Excel file contained the number of replications to conduct for the 

combination, the scenario ID of the combination, the number of focal and reference responses for 

the dataset, the parameter values for Mplus’s Monte Carlo routines, and specified whether to use 

SAS or Mplus to estimate IRT parameters.  With a single macro call, all the necessary 

information was passed to SAS macros which, in turn, built and executed Mplus code, created 

datasets, estimated IRT parameters for a 2-PL model, analyzed the data using WAM, Area 

method, and the Mantel-Haenszel procedure, tracked the combination run progress, and created 

graphs and tables.   

To facilitate the comparison of WAM over the many combinations, all the characteristics 

listed above in the Excel file was held constant for the combinations except for focal and 

reference group sizes.  Therefore, the only information passed to the SAS macros that varied was 

group size.  This minimized any possible unintentional and unrecognized influence on the 

performance of WAM or the two other comparison methods.  Another process initiated to 

minimize extraneous influences on WAM’s performance was that all files were eliminated from 

storage folders after each combination run – to avoid any accidental use of lingering files.   

Another technical issue that I encountered was the need for computer processing power.  

I built a PC to accommodate the expected demand for cpu processing (intel® i7-3820 3.66GHz, 

solid state drives, 32 gigs of 1666 memory).  Even with this increased PC horsepower, the 
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routines within SAS to calculate parameter estimates (NLMIXED) were extremely slow.  The 

amount of time required to estimate the parameters for a single dataset was 20 to 30 minutes.  

After working with SAS to find the most efficient way to use NLMIXED, I explored Mplus’s 

ability to provide parameter estimates.  I eventually invested the time to learn how to call Mplus 

from within SAS, and I discovered that Mplus required dramatically less time to estimate IRT 

parameters.  Therefore, additional SAS macros were written to call Mplus from within SAS.  

After redirecting parameter estimation to Mplus, the running of the combinations still took weeks 

to complete, and it created a file system that reached the size of 44.6 gigabytes.  The SAS code is 

located in Appendix X.  

Limitations 

Despite the findings that suggest WAM’s potential for improving the identification of 

DIF with small samples and with small DIF size, a number of the study’s limitations must be 

considered.  Because the primary incentive for conducting this dissertation study was to 

investigate if WAM is worth studying in the first place, the dissertation study environment was 

held as constant as possible to minimize any unrecognized influences (i.e., item information was 

held constant across the combinations).  Although this is a strength, it is also a limitation of this 

study.  This restriction on the environment limited the understanding of WAM's performance in 

other situations.  For example, item #4 was the modeled DIF item and was modeled in Mplus’s 

Monte Carlo routines with a difficulty value of -0.8 and a discrimination value of 1.1 for the 

reference group.  The results of this dissertation study do not offer any information on how 

WAM might perform in identifying items that have different difficulty and discrimination values  

This same limitation is also true for the other nine items that were modeled without DIF.  In 
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addition, the results do not offer any information on how WAM might perform in situations 

where multiple items in a test or survey have DIF. 

Another unknown involved the use of Mplus parameter estimates.  This study used the 

parameterization from Mplus’s factor analysis.  The performance of WAM may be different if 

the parameterization was based on a different parameterization approach.  Along this same line, 

the discrimination parameter estimate influences greatly the calculation of WAM values.  If the 

discrimination estimate is very small, the weighting of the area between the two ICCs is less 

effective.  This study does not offer any insight into the effects of small discrimination values 

(i.e., minimal information from an IIC curve) on WAM’s effectiveness.  

The choice to use Rudner’s Area method and the Mantel-Haenszel process may have 

been a limitation if other frequently used DIF detection strategies could have identified the 

modeled DIF item more frequently in this restricted environment.  Of course, it also is possible 

that other strategies would have identified DIF less frequently.  Selecting Rudner’s Area method 

was important to verify that WAM did not simply mimic Area’s DIF item detection capabilities.  

Selecting Mantel-Haenszel as a comparator was important because of the frequency with which 

Mantel-Haenszel has been selected in past research as the comparison method.  Therefore, the 

only performance comparison information available from this dissertation is between WAM, 

Area, and Mantel-Haenszel.   

Another potential limitation is the restriction of modeled DIF sizes to three values (0.3, 

0.6, and 0.9).  The results show that Mantel-Haenszel’s selection of the modeled DIF item 

greatly improved as DIF size increased, but this was less apparent with WAM.  Because only 

three DIF sizes were used in this dissertation study, no information on WAM’s selection 

performance outside of these three sizes is available. 
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The use of a single parameter estimate routine (Mplus) is also a limitation.  Based on its 

construction, WAM estimates are tied to the estimates of the IRT parameters.  This study offers 

preliminary finding on WAM estimates, but only based on the restricted environment of this 

dissertation study and the capability of Mplus.  Comparing Mplus’s capability to estimate 

parameters compared to other processes would identify the possible variations in WAM values 

due to software selection (e.g., SAS vs. Parscale or Mplus vs. SAS).   

Discussions 

Although this first study exploring the capabilities of a new DIF detection method leads 

to many unanswered questions, it provides sufficient evidence to support ongoing work on the 

use of WAM to detect DIF.  Two main findings are most noteworthy. 

First, WAM selected the modeled DIF item more frequently than Area and Mantel-

Haenszel when the modeled DIF size was small (0.3).  In addition, unlike the Mantel-Haenszel 

procedure, WAM estimates were stable and were not sensitive to changes in modeled DIF size.   

Since only one item was modeled with DIF in this dissertation study, this less sensitive nature of 

WAM is encouraging in that it may be able to find items that need to be review when only small 

DIF exists within a dataset.  Of course, future research is needed to replicate and extend this area 

of work on WAM, but the practical implications could be important.  Currently, items that 

function differentially may be easily identified by several different procedures if the DIF size is 

large.  However, the smaller, more subtle differences can be easily missed with current methods, 

and a measure that includes multiple items with these small differences could add to some 

sizable, practical problems.  For example, if a 20-item exam contains 10 items with small-sized, 

undetected DIF that disadvantages African Americans, the unintended result could be an overall 
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exam biased against African Americans.  In addition, undetected DIF is especially likely to 

happen in situations in which the exam is being pilot tested on a small sample. 

Second, in this dissertation study, WAM selected the modeled DIF item significantly 

more often than the Area method and Mantel-Haenszel procedure when the group size is small 

(i.e., < 200).  WAM was designed with the specific intention of finding a way to identify DIF 

items in small samples, and the findings suggest that this goal was achieved.  In the literature, the 

cutting point for usable sample size for determining DIF is often 200 or more, and no 

information is offered as to what to do with samples below that minimum size.  In this study, for 

all focal-reference group combinations with samples of less than 200, WAM successfully 

identified DIF more frequently than the other methods.  This finding holds enormous promise, 

especially for psychometricians and researchers working with small samples.  For example, 

researchers using rigorous methods must test their measures beforehand, typically with pilot 

testing on small samples.  If these researchers wish to test for DIF, and especially if they suspect 

subtle aspects of the items that might differentially influence respondent answers, currently 

nothing exists to assist them.  WAM may be able to fill that gap.  Similarly, psychometricians 

examining potential test items frequently find that despite a large original sample size, 

membership in under-represented groups (e.g., participants with a specific kind of disability) 

may not meet the 200 group-size cutoff criterion for examining for DIF.  Finally, medical 

researchers studying new medical procedures may be faced with extremely small sample sizes as 

a consequence of their research designs and ethics (“Do no harm”), and having a method to test 

for DIF would be an excellent addition to their research repertoire. 

As a consequence of these two primary findings, it is possible that further study to 

examine and enhance WAM may address the thorny issues experienced by psychometricians and 
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researchers.  When sample or group sizes are large (>500), or the focal and reference group sizes 

are the same, comprising at least 200 participants, and items have a medium or large DIF size, 

the Mantel-Haenszel outperforms WAM when testing items for DIF.  However, when sample 

sizes are small, or the level of differential item functioning is suspected to be small, WAM may 

be the better choice – especially after undergoing more study.  Improved identification of DIF 

can lead to the elimination of biased items, and these items can be replaced with those that more 

accurately measure the latent construct only, resulting in improved tests and surveys that more 

accurately measure the latent construct being measured.  

For larger samples with unbalanced focal and reference group combinations and small 

DIF size, WAM still performed very well when compared with Mantel Haenszel.  However, 

WAM did not identify the DIF item as frequently as did Mantel-Haenszel when modeled DIF 

size was LARGE (0.9).  Clearly, more research is needed to understand if there are ways to 

implement a weighting strategy, using information from an IIC curve, that is more effective in 

identifying DIF.  A different weighting calculation using IIC may perform better when dealing 

with large group sizes and when experiencing large DIF.  However, if future research finds that 

WAM is effective only with smaller group sizes, the ability to improve the identification of DIF 

items in these situations remains important. 

Future Research 

To understand fully the contribution WAM can make to the knowledge base, more 

studies are needed to understand how WAM performs in selecting items with varying difficulty 

and discriminating values.  We know that varying group sizes influenced WAM, but we do not 

know if WAM estimates are consistent in identifying DIF with varying shapes of ICC curves.  

Therefore, the next step in investigating WAM should be to conduct additional studies which 
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vary characteristics of the modeled DIF item (or items) rather than focusing on only group sizes 

(i.e., WAM values need to be examined for items that are fall along a wide range of 

discrimination and difficulty values).   A clear and comprehensive understanding of WAM for 

dichotomous items is necessary before extending into other DIF studies using WAM (e.g., items 

with more than 2 categories, WAM value criteria for DIF, WAM as part of a comprehensive DIF 

detection process).   

Knowing that this future study will be invaluable to understanding WAM, I included a 

capability in my SAS macros to read information from an Excel file to manage item 

characteristics.  For WAM to be considered a relevant tool for identifying DIF items, a future 

study must verify that WAM performs equally well with items that are different in difficulty and 

discrimination.  My added SAS macro capability makes studying changes in difficulty and 

discrimination values much more efficient and manageable for future research.  However, if 

WAM cannot handle varied difficulty and discrimination values well, the future studies may 

show how to alter the design of WAM, thereby improving its DIF detection capabilities. 

An important feature of the SAS macros design was the ability to call controlling macros 

to analyze datasets.  This feature provides the capability to analyze hundreds of simulated 

datasets using multiple procedures.  An additional important future study would compare WAM 

to other methods/procedures that identify DIF items (e.g., Logistic Regression, Confirmatory 

Factor Analysis, SIBTEST).  The modular aspect of the SAS macros design allows for the 

development of other controlling macros to perform DIF analyses that can be added to the 

current macro structure used in this dissertation study.  Obviously, comparing WAM to other 

non-Mantel-Haenszel procedures will be necessary to understand WAM’s contribution to DIF 

research. 
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One unexpected benefit of my programming efforts that was not part of the original SAS 

macros design is the capability of selecting different routines to estimate IRT parameters.  

Because SAS’s NLMIXED was not time efficient, I updated the SAS macros design to 

accommodate, within a combination run, different parameter-estimation routines.  With some 

additions to my current SAS code, the SAS macros will have the capability to compare 

parameter estimates from multiple routines (e.g., SAS vs. Mplus).  Therefore, this future study 

can compare IRT parameter estimates among routines and then review how sensitive WAM 

estimates are to variations in IRT parameter estimates.  This information could help researchers 

understand the differences in software performance as well as understand the connection 

between estimate error and WAM estimation. 

Extending the examination of WAM beyond its use with dichotomous response items is 

another line of important research.  Many surveys and tests have categorical or ordinal responses, 

and WAM, if proven effective, could improve DIF identification in these situations as well.  

Because group size plays such an important role in finding DIF items, future research should 

study the limits of WAM and identify how large a group size must be before WAM is no longer 

effective.  Of course, the previously suggested research involving verifying WAM performance 

must come before a study on group size minimums or using WAM on categorical items so that 

WAM’s design is proved to be stable and effective.  In addition, future research should explore 

the possibility of identifying a DIF threshold or potential WAM DIF categories.  The 

threshold/categories could help identify the potential size of DIF or even if DIF exists in items 

for non-statisticians using WAM to analyze their data.  With further research and simulation 

studies, I hope to offer researchers analyzing real data a process to follow when dealing with 

small samples.  If effective, WAM could be part of an overall strategy using multiple processes 
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and/or procedures to find DIF items – with the ultimate goal of improving the quality of 

collected information from people responding to surveys or taking tests. 

As with any new approach, I hope WAM will draw the attention of other researchers 

interested in exploring its capabilities.  To accomplish this, I must publish what I have learned so 

that others have the opportunity to review the work and build on these ideas.  The modular 

design of my written SAS code will allow me to do so efficiently, allowing me to develop and 

disseminate articles that explore WAM, and other IRT topics systematically.  Hopefully, as I 

publish my work, others will take notice and find themselves interested in WAM as well. 
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APPENDIX A  

MIN, MAX, AND MEDIAN WAM VALUES 

Appendix A contains 21 sets of WAM descriptives.  Each set contains graphs for a 

scenario and associated three modeled DIF sizes.  Column heading identifies the specific 

scenario and the left-hand column identifies the modeled DIF size.  The graphs present WAM 

values for each of the 10 items for each combination.  The three lines represent calculated WAM 

values for the 500 replications (i.e. 500 replications for each combination).  The blue dashed line 

represents the calculated smallest WAM value, the red dashed line represents the largest WAM 

value, and the solid green line represents the median WAM value for the 500 replications.  The 

10 items identified in the graphs are sorted from left to right by the smallest to largest median 

WAM values.  The 21 sets are presented in order by smallest to largest group sizes, first by focal 

and then by reference group size. 

Tables A.1, A.2, and A.3 present the order of items by their medium values from smallest 

to largest for the three modeled DIF sizes.  The left hand column in each of the three tables 

identifies the scenario, and items are placed in order of smallest to largest median value. 

 

Note: To assist readers in identifying focal and reference group information, scenario IDs in this 

dissertation document were updated.  However, the graphs within the 21 sets in this appendix use 

the original scenario ID notation (A represents focal group, B represents reference group). 
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A.1: Scenario SIM30F30R 

 Min, Max, and Median WAM Values 
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A.2: Scenario SIM30F50R 
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A.3: Scenario SIM30F100R 
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A.4: Scenario SIM30F200R 
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A.5: Scenario SIM30F500R 

 Min, Max, and Median WAM Values 
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A.6: Scenario SIM30F1000R 

 Min, Max, and Median WAM Values 
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A.7: Scenario SIM50F50R 
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A.8: Scenario SIM50F100R 
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A.9: Scenario SIM50F200R 

 Min, Max, and Median WAM Values 
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A.10: Scenario SIM50F500R 

 Min, Max, and Median WAM Values 
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A.11: Scenario SIM50F1000R 

 Min, Max, and Median WAM Values 
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A.12: Scenario SIM100F100R 

 Min, Max, and Median WAM Values 
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A.13: Scenario SIM100F200R 

 Min, Max, and Median WAM Values 
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Table A.1: Ordering of WAM Median Values for Items in SMALL Modeled DIF Scenarios 

Scenario Item w/ Smallest  Median                                    Item w/ Largest Median 

SIM30F30R 7 5 10 9 3 8 6 2 1 4 

SIM30F50R 10 5 7 3 2 6 8 9 4 1 

SIM30F100R 3 10 5 7 8 9 6 4 2 1 

SIM30F200R 3 10 5 7 8 9 6 4 1 2 

SIM30F500R 3 10 5 7 8 9 6 4 1 2 

SIM30F1000R 3 10 5 7 8 9 6 4 1 2 

SIM50F50R 10 5 3 7 8 9 6 1 2 4 

SIM50F100R 10 3 5 8 7 6 9 4 1 2 

SIM50F200R 3 10 5 7 8 9 6 4 1 2 

SIM50F500R 10 3 5 7 8 9 6 4 1 2 

SIM50F1000R 3 10 5 7 8 9 6 4 1 2 

SIM100F100R 10 3 5 7 8 9 6 1 2 4 

SIM100F200R 3 10 5 8 7 6 9 4 1 2 

SIM100F500R 3 10 5 8 7 9 6 4 1 2 

SIM100F1000R 3 10 5 7 8 9 6 4 1 2 

SIM200F200R 3 10 5 7 8 9 6 1 2 4 

SIM200F500R 3 10 8 5 6 7 9 4 1 2 

SIM200F1000R 3 10 8 5 6 7 9 4 1 2 

SIM500F500R 3 10 7 5 9 8 1 6 2 4 

SIM500F1000R 3 10 8 6 5 7 9 1 4 2 

SIM1000F1000R 3 10 7 5 9 1 8 6 2 4 
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Table A.2: Ordering of WAM Median Values for Items in MEDIUM modeled DIF Scenarios 

Scenario Item w/ Smallest  Median                                    Item w/ Largest Median 

SIM30F30R 10 5 7 3 9 8 6 2 1 4 

SIM30F50R 10 5 3 7 2 8 6 9 4 1 

SIM30F100R 3 10 5 8 7 9 6 4 2 1 

SIM30F200R 3 10 5 7 8 9 6 4 1 2 

SIM30F500R 3 10 5 7 8 9 6 4 1 2 

SIM30F1000R 3 10 5 7 8 9 6 4 1 2 

SIM50F50R 10 5 3 7 8 9 6 1 2 4 

SIM50F100R 10 3 5 8 7 6 9 4 1 2 

SIM50F200R 3 10 5 8 7 6 9 4 1 2 

SIM50F500R 3 10 5 7 8 9 6 4 1 2 

SIM50F1000R 3 10 5 7 8 9 6 4 1 2 

SIM100F100R 10 3 5 7 8 9 6 1 2 4 

SIM100F200R 3 10 5 8 7 6 9 1 4 2 

SIM100F500R 3 10 5 8 7 9 6 1 4 2 

SIM100F1000R 3 10 5 7 8 9 6 4 1 2 

SIM200F200R 3 10 5 7 9 8 1 6 2 4 

SIM200F500R 3 10 8 5 7 6 9 1 2 4 

SIM200F1000R 3 10 8 5 7 6 9 1 2 4 

SIM500F500R 3 10 5 7 9 1 8 6 2 4 

SIM500F1000R 3 10 8 5 7 6 9 1 2 4 

SIM1000F1000R 3 10 5 7 1 9 8 6 2 4 
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Table A.3: Ordering of WAM Median Values for Items in LARGE Modeled DIF Scenarios 

Scenario Item w/ Smallest  Median                                     Item w/ Largest Median 

SIM30F30R 10 5 7 9 3 6 8 2 1 4 

SIM30F50R 10 5 3 7 2 8 6 9 4 1 

SIM30F100R 3 10 5 8 7 9 6 4 2 1 

SIM30F200R 3 10 5 7 8 9 6 4 1 2 

SIM30F500R 3 10 5 7 9 8 6 1 4 2 

SIM30F1000R 3 10 5 7 9 8 6 4 1 2 

SIM50F50R 10 5 3 7 9 8 6 1 2 4 

SIM50F100R 10 3 5 8 7 6 9 4 1 2 

SIM50F200R 3 10 5 8 7 9 6 1 4 2 

SIM50F500R 10 3 5 7 8 9 6 1 4 2 

SIM50F1000R 3 10 5 7 9 8 6 4 1 2 

SIM100F100R 10 3 5 7 9 8 1 6 2 4 

SIM100F200R 3 10 5 8 7 9 6 1 2 4 

SIM100F500R 3 10 5 8 7 9 6 1 4 2 

SIM100F1000R 3 10 5 7 9 8 6 4 1 2 

SIM200F200R 3 10 5 7 9 8 1 6 2 4 

SIM200F500R 3 10 5 8 7 9 6 1 2 4 

SIM200F1000R 3 10 8 5 7 9 6 1 2 4 

SIM500F500R 3 10 5 7 9 1 8 6 2 4 

SIM500F1000R 3 10 5 8 7 9 6 1 2 4 

SIM1000F1000R 3 7 10 5 1 9 8 6 2 4 
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APPENDIX B 

WAM, AREA, ICC, AND IIC CURVES 

Appendix B contains 21 sets of scenario information.  Each set contains graphs for a single 

scenario and the associated three modeled DIF sizes.  Each set title identifies the specific 

scenario and the left-hand column identifies the represented modeled DIF size.  The graphs 

present WAM, AREA, ICC for focal and reference groups, and IIC values along the latent 

construct �� (skp) for the single dataset (simulation) in the combination.  The dataset and item 

presented is the one with the largest WAM value from all the items in all the datasets.   

The lines on the graph are color coded for readability.  The blue line represents the 

probability of endorsement for the focal group (case) along the latent construct �� and the red line 

represents the probability of endorsement for the reference group (ctrl).  The violet line 

represents the WAM weight at �� and the brown line represents the difference value between the 

ICC case and control groups (ICC diff).  The green line represents the calculated IIC curve for 

the control group (IIC). 
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APPENDIX C 

ITEM SELECTION BY METHOD 

Appendix C contains 21 sets of bar charts.  Each set contains bar charts representing item 

selection for the three analysis methods; Mantel-Haenszel, WAM, and Area.  Set title identifies 

the specific scenario and the left-hand column identifies the associated modeled DIF size.  The 

bar chart for the Mantel-Haenszel identifies the number of times Mantel-Haenszel value for an 

item was significant (�.=.05), which includes the possibility that multiple items can be selected 

for a single replication.  The bar charts for the WAM and Area methods show the number of 

times each of the 10 items had the largest WAM or Area value, respectively, which restricts the 

item counts to only one item for each replication.  The 21 sets are presented in order by smallest 

to largest group sizes, first by focal and then by reference group size. 

 

Note: To assist readers in identifying focal and reference group information, scenario IDs in this 

dissertation document were updated.  However, the charts within the 21 sets in this appendix use 

the original scenario ID notation (A represents focal group, B represents reference group). 
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APPENDIX D 

ODDS RATIOS FROM MANTEL-HAENSZEL ANALYSES 

Appendix D contains 21 sets of box-and-whishers charts.  Each set contains box-and-

whiskers charts for the first dataset in a combination, showing the odds ratios for the 10 items in 

that first dataset.  Set title identifies the specific scenario and the left-hand column identifies the 

associated modeled DIF size.  The 21 sets are presented in order by smallest to largest group 

sizes, first by focal and then by reference group size. 
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APPENDIX E 

WAM DESCRIPTIVE DATA 

Appendix E contains 21 sets of box-and-whishers charts.  Each set contains box-and-

whiskers charts for WAM values for the combinations.  The charts present the quartiles and 

outliers for each of the 10 items.  Set title identifies the specific scenario and the left-hand 

column identifies the associated modeled DIF size.  The 21 sets are presented in order by 

smallest to largest group sizes, first by focal and then by reference group size. 

 

 

Note: To assist readers in identifying focal and reference group information, scenario IDs in this 

dissertation document were updated.  However, the charts within the 21 sets in this appendix use 

the original scenario ID notation (A represents focal group, B represents reference group). 
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APPENDIX F 

PERCENTAGE SELECTING ITEM #4 

 Appendix F contains six tables, two for each modeled DIF size.  The numbers in the body of the tables represent percentages 

for the number of times Item #4 was selected out of N replications.  The left hand column indicates which method(s) selected Item #4 

and the first row identifies the specific scenario.  The last row indicates the number of analyzed datasets out of the 500 replications.  In 

addition, the largest percentage in each column excluding “nobody” are highlighted. 

Table F.1:  Selection Percentage by Scenario part 1 of 2 (DIF size SMALL)  

Only \ Scenario 30F 

30R 

30F 

50R 

30F 

100R 

30F 

200R 

30F 

500R 

30F 

1000R 

50F 

50R 

50F 

100R 

50F 

200R 

50F 

500R 

50F 

1000R 

100F 

100R 

AREA 24.40 2.55 2.35 3.29 1.88 2.35 26.35 2.57 0.64 0.43 2.35 26.58 

AREA MH 0.00 0.77 0.00 0.23 0.00 0.00 0.24 0.00 0.21 0.21 0.00 0.20 

AREA WAM 18.67 2.81 3.06 2.35 4.46 3.99 15.29 0.43 1.71 1.71 3.99 18.20 

AREA WAM MH 0.00 0.26 0.94 0.70 0.23 0.47 0.00 0.43 0.21 0.00 0.47 0.00 

MH 0.00 5.36 4.24 5.16 5.16 5.16 0.24 6.64 7.28 6.85 5.16 0.00 

WAM 18.37 10.97 10.59 10.80 11.27 12.68 20.71 12.42 11.99 12.42 12.68 30.67 

WAM MH 0.00 0.77 0.94 1.17 1.64 0.47 0.00 1.07 1.71 2.57 0.47 0.00 

nobody 38.55 76.53 77.88 76.29 75.35 74.88 37.18 76.45 76.23 75.80 74.88 24.34 

N 332 392 425 426 426 426 425 467 467 467 426 489 
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Table F.2:  Selection Percentage by Scenario part 2 of 2 (DIF size SMALL) 

Only \ Scenario 100F 

200R 

100F 

500R 

100F 

1000R 

200F 

200R 

200F 

500R 

200F 

1000R 

500F 

500R 

500F 

1000R 

1000F 

1000R 

AREA 1.21 0.61 2.35 20.60 0.40 1.00 10.00 0.20 0.40 

AREA MH 0.40 0.40 0.00 0.40 0.40 0.60 5.20 0.00 5.80 

AREA WAM 0.40 1.01 3.99 38.40 0.80 1.20 51.20 0.60 5.20 

AREA WAM MH 0.40 0.61 0.47 0.60 1.80 1.60 22.20 3.20 86.00 

MH 9.49 13.13 5.16 0.20 19.80 20.80 0.80 35.20 0.60 

WAM 13.13 13.33 12.68 27.80 11.20 9.80 7.40 8.00 0.20 

WAM MH 4.44 2.63 0.47 0.20 6.20 7.40 2.00 16.00 1.80 

nobody 70.51 68.28 74.88 11.80 59.40 57.60 1.20 36.80 0.00 

N 495 495 426 500 500 500 500 500 500 

 

Table F.3:  Selection Percentage by Scenario part 1 of 2 (DIF size MEDIUM) 

Only 30F 

30R 

30F 

50R 

30F 

100R 

30F 

200R 

30F 

500R 

30F 

1000R 

50F 

50R 

50F 

100R 

50F 

200R 

50F 

500R 

50F 

1000R 

100F 

100R 

AREA 24.23 2.60 1.91 3.34 0.95 1.91 22.44 1.31 0.65 0.44 1.91 8.32 

AREA MH 2.04 0.78 0.48 0.95 0.72 0.48 6.00 0.66 0.44 0.65 0.48 21.70 

AREA WAM 18.88 1.82 3.11 2.15 4.06 3.82 15.33 0.87 1.53 1.53 3.82 10.34 

AREA WAM MH 1.79 0.26 0.96 1.19 0.95 0.95 4.89 0.66 1.53 2.18 0.95 23.53 

MH 2.30 20.57 19.38 22.20 24.34 26.73 6.00 29.48 33.99 40.31 26.73 8.32 

WAM 14.80 7.55 8.13 9.79 7.40 8.59 20.00 8.30 9.15 7.84 8.59 8.32 

WAM MH 1.02 4.95 6.46 3.34 5.97 3.58 3.56 10.70 11.55 10.46 3.58 15.01 

nobody 34.95 61.46 59.57 57.04 55.61 53.94 21.78 48.03 41.18 36.60 53.94 4.46 

N 392 384 418 419 419 419 450 458 459 459 419 493 
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Table F.4:  Selection Percentage by Scenario part 2 of 2 (DIF size MEDIUM) 

Only 100F 

200R 

100F 

500R 

100F 

1000R 

200F 

200R 

200F 

500R 

200F 

1000R 

500F 

500R 

500F 

1000R 

1000F 

1000R 

AREA 0.20 0.41 1.91 0.00 0.20 0.00 0.00 0.00 0.00 

AREA MH 1.22 2.84 0.48 26.65 3.01 4.41 18.00 3.80 8.20 

AREA WAM 0.61 0.41 3.82 0.40 0.20 0.20 0.00 0.00 0.00 

AREA WAM MH 2.43 3.85 0.95 54.31 4.01 9.42 79.80 23.60 91.80 

MH 45.64 53.35 26.73 3.81 51.50 46.09 0.00 31.60 0.00 

WAM 7.30 3.04 8.59 0.20 0.60 0.00 0.00 0.00 0.00 

WAM MH 21.10 21.10 3.58 14.63 38.88 39.08 2.20 41.00 0.00 

nobody 21.50 15.01 53.94 0.00 1.60 0.80 0.00 0.00 0.00 

N 493 493 419 499 499 499 500 500 500 

 

Table F.5:  Selection Percentage by Scenario part 1 of 2 (DIF size LARGE) 

Only 30F 

30R 

30F 

50R 

30F 

100R 

30F 

200R 

30F 

500R 

30F 

1000R 

50F 

50R 

50F 

100R 

50F 

200R 

50F 

500R 

50F 

1000R 

100F 

100R 

AREA 25.65 2.82 1.18 3.30 2.59 2.36 25.17 2.15 0.43 0.86 2.36 21.50 

AREA MH 0.78 0.77 0.24 0.71 0.47 0.47 1.77 0.65 0.86 0.43 0.47 6.29 

AREA WAM 18.13 2.82 4.49 2.83 3.30 3.30 17.22 1.29 2.58 2.15 3.30 23.33 

AREA WAM MH 0.26 0.00 0.95 1.18 1.18 0.71 0.44 0.22 0.86 1.72 0.71 4.26 

MH 1.04 11.03 8.75 12.50 12.97 12.50 0.44 13.55 16.13 19.35 12.50 1.83 

WAM 17.62 10.51 8.27 11.79 10.61 10.61 24.94 11.83 13.33 8.39 10.61 22.92 

WAM MH 0.00 2.82 3.07 2.59 2.83 2.12 0.22 5.16 4.30 4.52 2.12 4.26 

nobody 36.53 69.23 73.05 65.09 66.04 67.92 29.80 65.16 61.51 62.58 67.92 15.62 

N 386 390 423 424 424 424 453 465 465 465 424 493 
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Table F.6:  Selection Percentage by Scenario part 2 of 2 (DIF size LARGE) 

Only 100F 

200R 

100F 

500R 

100F 

1000R 

200F 

200R 

200F 

500R 

200F 

1000R 

500F 

500R 

500F 

1000R 

1000F 

1000R 

AREA 0.61 0.81 2.36 8.80 0.20 0.00 0.00 0.00 0.00 

AREA MH 0.81 0.81 0.47 15.80 1.20 1.60 15.80 2.40 6.80 

AREA WAM 1.22 0.20 3.30 15.40 0.00 0.80 0.00 0.20 0.00 

AREA WAM MH 1.42 2.64 0.71 37.20 3.00 4.80 79.40 10.80 92.60 

MH 26.98 33.67 12.50 3.20 47.40 50.80 0.40 43.60 0.00 

WAM 9.94 8.92 10.61 5.00 3.00 3.00 0.00 0.00 0.00 

WAM MH 10.75 12.78 2.12 12.60 25.00 26.00 4.40 41.60 0.60 

nobody 48.28 40.16 67.92 2.00 20.20 13.00 0.00 1.40 0.00 

N 493 493 424 500 500 500 500 500 500 
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APPENDIX G 

WAM DESCRIPTIVE WHEN MATCH WITH MH 

Appendix G contains three tables, one for each modeled DIF size (i.e. SMALL, MEDIUM, and LARGE).  Each Table contains 

WAM descriptive information for the 21 scenarios separated by scenario results that matched MH findings and ones that did not.  

Table title identifies the specific DIF size and the left-hand column identifies the represented 21 scenarios.  The WAM descriptives for 

matched and unmated scenarios are labeled by the first row in each table. 
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Table G.1:  WAM Descriptives for MH Matched and Not-matched scenarios (SMALL) 

  Not-matched    Matched  

 N Obs Mean Std Dev Minimum Maximum  N Obs Mean Std Dev Minimum Maximum 

30F30R 332 0.1587 0.1692 0.0020 1.1945  - - - - - 

30F50R 371 0.3789 0.1979 0.0665 1.1811  21 0.4770 0.2384 0.2267 1.1005 

30F100R 396 0.3106 0.1454 0.0775 0.8904  29 0.3087 0.1158 0.1272 0.4888 

30F200R 392 0.2403 0.0981 0.0645 0.7530  34 0.2314 0.0732 0.1163 0.3631 

30F500R 396 0.2102 0.0801 0.0567 0.6325  30 0.1911 0.0707 0.0801 0.3425 

30F1000R 396 0.2059 0.0705 0.0630 0.5122  30 0.2085 0.0802 0.0828 0.4178 

50F50R 425 0.1326 0.1393 0.0081 0.8596  - - - - - 

50F100R 428 0.2880 0.1515 0.0781 1.1506  39 0.2628 0.1036 0.0921 0.5769 

50F200R 421 0.2011 0.0815 0.0562 0.5834  46 0.2376 0.1329 0.0713 0.7131 

50F500R 415 0.1751 0.0633 0.0755 0.5089  52 0.1886 0.0690 0.0782 0.3767 

50F1000R 396 0.2059 0.0705 0.0630 0.5122  30 0.2085 0.0802 0.0828 0.4178 

100F100R 489 0.0818 0.0774 0.0038 0.5368  - - - - - 

100F200R 438 0.1737 0.0776 0.0630 0.6812  57 0.2093 0.0926 0.0902 0.6448 

100F500R 457 0.1361 0.0497 0.0489 0.3583  38 0.1386 0.0537 0.0696 0.3072 

100F1000R 396 0.2059 0.0705 0.0630 0.5122  30 0.2085 0.0802 0.0828 0.4178 

200F200R 496 0.0548 0.0362 0.0088 0.2974  4 0.0750 0.0280 0.0373 0.1012 

200F500R 435 0.1125 0.0454 0.0334 0.2863  65 0.1276 0.0550 0.0547 0.2841 

200F1000R 431 0.1029 0.0399 0.0364 0.2935  69 0.1132 0.0411 0.0444 0.2563 

500F500R 379 0.0413 0.0157 0.0137 0.1149  121 0.0536 0.0193 0.0147 0.1339 

500F1000R 380 0.0846 0.0380 0.0200 0.3049  120 0.0885 0.0360 0.0331 0.2513 

1000F1000R 61 0.0337 0.0106 0.0123 0.0861  439 0.0427 0.0116 0.0179 0.0829 
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Table G.2:  WAM Descriptives for MH Matched and Not-matched scenarios (MEDIUM) 

  Not-matched    Matched  

 N Obs Mean Std Dev Minimum Maximum  N Obs Mean Std Dev Minimum Maximum 

30F30R 385 0.1802 0.1827 0.0004 1.3441  1 0.1380 - 0.1380 0.1380 

30F50R 362 0.3784 0.2011 0.0783 1.2266  28 0.4566 0.2004 0.2245 1.0227 

30F100R 386 0.3101 0.1433 0.0775 1.1926  37 0.3133 0.1520 0.1264 0.8549 

30F200R 382 0.2391 0.0981 0.0808 0.6403  42 0.2320 0.0917 0.1138 0.6016 

30F500R 379 0.2106 0.0796 0.0628 0.6216  45 0.2084 0.0663 0.1063 0.3430 

30F1000R 388 0.2048 0.0703 0.0638 0.5122  36 0.1987 0.0751 0.0733 0.4178 

50F50R 450 0.1708 0.1560 0.0012 1.0114  3 0.1513 0.1298 0.0432 0.2953 

50F100R 407 0.2863 0.1479 0.0892 1.1076  58 0.2934 0.1310 0.0665 0.6429 

50F200R 412 0.2058 0.0837 0.0688 0.5403  53 0.2380 0.1184 0.1070 0.7027 

50F500R 396 0.1781 0.0626 0.0659 0.5062  69 0.1919 0.0889 0.0682 0.5682 

50F1000R 388 0.2048 0.0703 0.0638 0.5122  36 0.1987 0.0751 0.0733 0.4178 

100F100R 451 0.1284 0.1039 0.0084 0.7915  42 0.1566 0.1007 0.0205 0.4018 

100F200R 401 0.1774 0.0785 0.0528 0.6295  92 0.2079 0.0960 0.0888 0.7189 

100F500R 395 0.1410 0.0551 0.0502 0.5296  98 0.1552 0.0524 0.0613 0.3059 

100F1000R 388 0.2048 0.0703 0.0638 0.5122  36 0.1987 0.0751 0.0733 0.4178 

200F200R 251 0.0951 0.0634 0.0085 0.4421  249 0.1080 0.0576 0.0237 0.4200 

200F500R 340 0.1184 0.0491 0.0315 0.3428  160 0.1436 0.0526 0.0564 0.3236 

200F1000R 324 0.1117 0.0431 0.0423 0.2762  176 0.1235 0.0423 0.0381 0.2876 

500F500R 379 0.0413 0.0157 0.0137 0.1149  121 0.0536 0.0193 0.0147 0.1339 

500F1000R 219 0.0953 0.0379 0.0322 0.2687  281 0.1067 0.0387 0.0247 0.2720 

1000F1000R 61 0.0337 0.0106 0.0123 0.0861  439 0.0427 0.0116 0.0179 0.0829 
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Table G.3:  WAM Descriptives for MH Matched and Not-matched scenarios (LARGE) 

  Not-matched    Matched  

 N Obs Mean Std Dev Minimum Maximum  N Obs Mean Std Dev Minimum Maximum 

30F30R 381 0.2185 0.2178 0.0004 1.3441  11 0.2748 0.2719 0.0547 0.8710 

30F50R 345 0.3843 0.2043 0.0728 1.2266  39 0.4135 0.1840 0.1368 0.9933 

30F100R 364 0.3126 0.1500 0.0560 1.1926  54 0.2990 0.1179 0.1214 0.6480 

30F200R 371 0.2413 0.0996 0.0742 0.8723  48 0.2491 0.1051 0.1138 0.6283 

30F500R 368 0.2157 0.0819 0.0733 0.6326  51 0.2174 0.0631 0.1219 0.3659 

30F1000R 377 0.2071 0.0699 0.0844 0.4866  42 0.2156 0.0747 0.0733 0.4178 

50F50R 412 0.2014 0.1737 0.0020 1.0063  38 0.2755 0.2322 0.0290 0.9544 

50F100R 380 0.2827 0.1436 0.0857 1.0916  78 0.3107 0.1567 0.0665 0.9375 

50F200R 368 0.2108 0.0871 0.0689 0.6966  91 0.2194 0.1064 0.0753 0.7280 

50F500R 370 0.1808 0.0625 0.0718 0.4160  89 0.1956 0.0853 0.0682 0.5331 

50F1000R 377 0.2071 0.0699 0.0844 0.4866  42 0.2156 0.0747 0.0733 0.4178 

100F100R 303 0.1621 0.1264 0.0137 0.9052  190 0.1864 0.1300 0.0209 0.8460 

100F200R 349 0.1825 0.0742 0.0644 0.4839  144 0.2213 0.0961 0.0925 0.7189 

100F500R 352 0.1543 0.0572 0.0446 0.4218  141 0.1607 0.0537 0.0661 0.3758 

100F1000R 377 0.2071 0.0699 0.0844 0.4866  42 0.2156 0.0747 0.0733 0.4178 

200F200R 155 0.1381 0.0798 0.0091 0.5026  344 0.1389 0.0729 0.0241 0.6500 

200F500R 271 0.1298 0.0506 0.0409 0.3108  228 0.1540 0.0586 0.0543 0.3894 

200F1000R 243 0.1253 0.0476 0.0423 0.2860  256 0.1376 0.0455 0.0522 0.3248 

500F500R 90 0.1124 0.0431 0.0445 0.2484  410 0.1158 0.0366 0.0399 0.2650 

500F1000R 162 0.1087 0.0392 0.0418 0.2478  338 0.1302 0.0429 0.0469 0.2895 

1000F1000R 41 0.1006 0.0223 0.0645 0.1639  459 0.1115 0.0240 0.0569 0.1850 
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APPENDIX H 

SAS MACRO CODE 

Appendix H contains SAS code used to setup the environment for the combination run, 

execute the combination, and output results.  Presented below are the macros and SAS setup 

code in alphabetic order by macro name. 

 

H.1:  ADD_IICDATA 
��
** ADD_IICDATA 
** Macro to add a set of values to IICDATA file using  
** passed IRT parameters.  A TMP file is created 
** and then merged into the IICDATA file. 
** 
** Called from: 
**   BUILD_IICDATA 
** 
** Macro calls: 
**   n/a  
** 
** Variables: 
**     a, b, c => IRT parameters 
**     SKP => values along the latent range for IIC points 
**     hi, lo => set range for IIC points 
**     ITEM&vptr => variable storing IIC points using vptr in name 
**     vptr => counter for variable additions 
**     SPC => Interval along the ste range from hi to lo 
**     cname => library and name of file to create 
**;  
%MACRO ADD_IICDATA(a,b,c,hi,lo,vptr,cname); 
  Data WORK.tmp (KEEP=ITEM& vptr.  SKP);         
    %let  spc=.005;  
    do SKP=& lo.  TO & hi.  BY & spc. ; 
      ITEM& vptr. =&c. +( 1-& c. )/( 1+EXP(- 1.7 *& a. *(SKP-& b. ))); 
      output WORK.tmp; 
    end; 
  run; 
  Data &cname; 
    MERGE &cname WORK.tmp; 
    BY SKP; 
  run; 
%MEND ADD_IICDATA; ��
��
H.2: ADD_IICVALUES 
��
** ADD_IICVALUES 
** Macro to read difficulty parmater,  
** calculate IIC values, and then store 
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** probability-correct values for 10 questions;  
** 
** Called from: 
**   CREATE_CONTROLLER 
** 
** Macro calls: 
** 
** Variables: 
**     prmfile => file containing difficulty parameter 
**     cfile => file to receive IIC calculated values 
**   
**;  
%MACRO ADD_IICVALUES(prmfile,cfile); 
** 
** read difficulty paramter values 
**;  
  Data _null_; 
    set PRMDATA.&prmfile end=eof; 
    call symputx( 'a' ||left(_n_),discrimination); 
  run; 
  ** 
  **  for each item, calc IIC 
  **;  
  Data &cfile;         
    set &cfile; 
    IIC1=(symget( 'a1' )** 2)*ITEM1*( 1-ITEM1); 
    IIC2=(symget( 'a2' )** 2)*ITEM2*( 1-ITEM2); 
    IIC3=(symget( 'a3' )** 2)*ITEM3*( 1-ITEM3); 
    IIC4=(symget( 'a4' )** 2)*ITEM4*( 1-ITEM4); 
    IIC5=(symget( 'a5' )** 2)*ITEM5*( 1-ITEM5); 
    IIC6=(symget( 'a6' )** 2)*ITEM6*( 1-ITEM6); 
    IIC7=(symget( 'a7' )** 2)*ITEM7*( 1-ITEM7); 
    IIC8=(symget( 'a8' )** 2)*ITEM8*( 1-ITEM8); 
    IIC9=(symget( 'a9' )** 2)*ITEM9*( 1-ITEM9); 
    IIC10=(symget( 'a10' )** 2)*ITEM10*( 1-ITEM10); 
  RUN; 
%MEND ADD_IICVALUES; ��
��
H.3:  AREA_CALCULATION 
��
** AREA_CALCULATION 
** Macro to merge the area differences between IIC curves 
** to compare with WAM analysis. 
**  
**  
** Called from: 
**   SIM_CONTROLLER 
** 
** Macro calls: 
**   n/a 
** 
** Variables: 
**     dbcntlocal => number of file pairs to process 
**     flprecase => prefix name of case files to process 
**     flprectrl => prefix name of control files to process 
**     location => hard-coded storage library for WAM info. 
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**         
**;  
%MACRO AREA_CALCULATION(dbcntlocal, flprecase, flprectrl); 
  ** 
  ** Loop through files in CRTDATA library for area analysis 
  ** (store results in single file in SIMDATA library) 
  **;  
  %let  location=WAMDATA; 
  %do dbptr= 1 %to &dbcntlocal; 
    PROC MEANS NOPRINT DATA=& location. .d ifffile&dbptr; 
    output out=WORK.asum&dbptr SUM(dval1 dval2 dval3 dval4 
                 dval5 dval6 dval7 dval8 dval9 dval10) 
              = A1a A2a A3a A4a A5a A6a A7a A8a A9a A10a; 
    run; 
 **  NOTE:  .005 is hard coded step from IIC;  
    Data WORK.asum&dbptr(DROP = _TYPE_ _FREQ_); 
   retain sim; 
   set WORK.asum&dbptr; 
   format sim best12. ; 
   sim=symget( 'dbptr' ); 
   A1a=A1a* 0.005 ; A2a=A2a* 0.005 ; A3a=A3a* 0.005 ; 
   A4a=A4a* 0.005 ; A5a=A5a* 0.005 ; A6a=A6a* 0.005 ; 
   A7a=A7a* 0.005 ; A8a=A8a* 0.005 ; A9a=A9a* 0.005 ; 
   A10a=A10a* 0.005 ;  
 run; 
  %end; 
  **  
  ** merge difference files into a single file 
  **;  
  Data & location. .a rea_sim; 
    Set WORK.asum1; 
  run; 
  %if  &dbcntlocal> 1 %then  %do; 
    %Do i= 2 %to &dbcntlocal; 
   DATA & location. .a rea_sim; 
     set & location. .a rea_sim WORK.asum&i; 
   run; 
 %end; 
  %end; 
  Data SIMDATA.area_sim; 
    Set & location. .a rea_sim; 
  run; 
  PROC sort data=SIMDATA.area_sim; 
    by sim; 
  run; 
  **  cleanup;  
  PROC datasets library=& location.  nolist nodetails; 
    delete area_sim; 
  run; 
  PROC datasets library=WORK nolist nodetails; 
    %do i= 1 %to &dbcntlocal; 
   delete asum&i; 
 %end; 
  run; 
%MEND AREA_CALCULATION;��
��
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H.4:  BUILD_IICDATA 
��
** BUILD_IICDATA 
** Macro to build datafile if it does not exist, or add 
** a variable if datafile already exists, using  
** passed IRT parameters;  
** 
** Called from: 
**   CREATE_CONTROLLER 
** 
** Macro calls: 
**   ADD_IICDATA 
**   NEW_IICDATA  
** 
** Variables: 
**     a, b, c => IRT parameters 
**     hi, lo => set range for IIC points 
**     cname => library and name of file to create 
**     vptr =>  parm pointer for creating new variables 
**   
**;  
%MACRO BUILD_IICDATA(a,b,c,hi,lo,vptr,cname); 
  %IF %sysfunc (exist(&cname)) %THEN 
     %DO; 
        % ADD_IICDATA(&a,&b,&c,&hi,&lo,&vptr,&cname); 
        %RETURN; 
     %END; 
  %ELSE; 
    %DO; 
      % NEW_IICDATA(&a,&b,&c,&hi,&lo,&cname); 
    %END; 
%MEND BUILD_IICDATA; ��
��
H.5:  BUILD_PRMDATA 
��
** BUILD_PRMDATA 
** Macro that uses checked ERRDATA to build 
** PRMDATA files 
**  
** 
** Called from: 
**   SIM_CONTROLLER 
** 
** Macro calls: 
**    
** 
** Variables: 
**     simID => simulation identifyer 
**     dblib => library containing file to check 
**     fname => file containing data to validate 
**     logflag => notification flag for messages 
**         
**;  
%MACRO BUILD_PRMDATA(simID,dblib,fname,logflag);   
Data _null_; 
    set & dblib. . &fname.  end=eof; 
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    call symputx( 'p' ||left(_n_),Parameter); 
    call symputx( 'e' ||left(_n_),estimate); 
    call symputx( 's' ||left(_n_),StandardError); 
    if eof= 1 then call symputx( 'pcount' ,_n_); 
  run; 
  ** 
  **  Future 
  **  Remove hard coding of 10 items using pcount 
  **;  
  Data PRMDATA.&fname.  (keep=discrimination difficulty); 
    format discrimination difficulty 10.3 ; 
    discrimination=symgetn( 'e1' ); difficulty=symgetn( 'e11' ); output; 
    discrimination=symgetn( 'e2' ); difficulty=symgetn( 'e12' ); output; 
    discrimination=symgetn( 'e3' ); difficulty=symgetn( 'e13' ); output; 
    discrimination=symgetn( 'e4' ); difficulty=symgetn( 'e14' ); output; 
    discrimination=symgetn( 'e5' ); difficulty=symgetn( 'e15' ); output; 
    discrimination=symgetn( 'e6' ); difficulty=symgetn( 'e16' ); output; 
    discrimination=symgetn( 'e7' ); difficulty=symgetn( 'e17' ); output; 
    discrimination=symgetn( 'e8' ); difficulty=symgetn( 'e18' ); output; 
    discrimination=symgetn( 'e9' ); difficulty=symgetn( 'e19' ); output; 
    discrimination=symgetn( 'e10' ); difficulty=symgetn( 'e20' ); output; 
  RUN; 
%MEND BUILD_PRMDATA;��
��
H.6:  CHECK_DATA 
��
** CHECK_DATA 
** Macro to check for invalid data from 
** IRT analysis, manage invalid data, and  
** record where invalid data exists. 
**  
** 
** Called from: 
**   SIM_CONTROLLER 
** 
** Macro calls: 
**    
** 
** Variables: 
**     simID => simulation identifyer 
**     dblib => library containing file to check 
**     casef => prefix file name containing case data to validate 
**     ctrlf => prefix file name containing control data to validate 
**     logflag => notification flag for messages 
**         
**;  
%MACRO CHECK_DATA(simID,dbcntlocal,dblib,casef,ctrlf,logflag); 
  %DO cnt= 1 %TO & dbcntlocal. ; 
    Data WORK.tmp1 (keep=Parameter case_e case_se); 
      set & dblib. . &casef. &cnt; 
   format case_e case_se 10.3 ; 
   case_e=estimate; 
   case_se=StandardError; 
    run; 
    Proc SORT Data=WORK.tmp1 OUT=WORK.tmp1; 
      by Parameter; 
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    run; 
    Data WORK.tmp2 (keep=Parameter ctrl_e ctrl_se); 
      set & dblib. . &ctrlf. &cnt; 
   format ctrl_e ctrl_se 10.3 ; 
   ctrl_e=estimate; 
   ctrl_se=StandardError; 
    run; 
    Proc SORT Data=WORK.tmp2 OUT=WORK.tmp2; 
      by Parameter; 
    run; 
    Data WORK.tmp3; 
      merge WORK.tmp1 Work.tmp2; 
   by Parameter; 
    run; 
    Data WORK.tmp4 (drop=tst); 
      set WORK.tmp3; 
   format vsort1 $char1.  vsort2 2. ; 
   ** check for too-extreme estimate;  
   If (abs(case_e) GT 5) OR (abs(ctrl_e) GT 5) then do; 
     case_e= 0.000 ; ctrl_e= 0.000 ; 
     case_se= . ; ctrl_se= . ; 
   end; 
   ** check for analysis failure;  
   If case_se= 9999  OR ctrl_se= 9999  then do; 
     case_e= 0.000 ; ctrl_e= 0.000 ; 
   end; 
   vsort1=substr(Parameter, 1, 1); 
   tst=substr(Parameter, 2,length(Parameter)- 1); 
   If vsort1= 's'  then vsort2= 1; else vsort2=input(tst, 2. ); 
    run; 
    Proc SORT Data=WORK.tmp4 Out=WORK.tmp4; 
      by vsort1 vsort2; 
    run; 
    Data & dblib. . &casef. &cnt (keep=Parameter estimate StandardError); 
      set WORK.tmp4; 
   format estimate StandardError 10.3 ; 
   estimate=case_e; 
   StandardError=case_se; 
    run; 
    Data & dblib. . &ctrlf. &cnt (keep=Parameter estimate StandardError); 
      set WORK.tmp4; 
   format estimate StandardError 10.3 ; 
   estimate=ctrl_e; 
   StandardError=ctrl_se; 
    run; 
    % BUILD_PRMDATA(&simID,&dblib,& casef. &cnt,&logflag) 
    % BUILD_PRMDATA(&simID,&dblib,& ctrlf. &cnt,&logflag) 
  %end; 
  **   cleanup;  
  PROC datasets library=WORK nolist nodetails; 
    delete tmp1 tmp2 tmp3 tmp4; 
  run; 
%MEND CHECK_DATA;��
��
H.7:  CREATE_CONTROLLER 
��
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** CREATE_CONTROLLER 
** Macro to open files created by SASIRT_CONTROLLER,  
** read parameter information inside, and pass the parameters 
** to create datafile that can be used by the WAM_CONTROLLER.  
**  
** 
** Called from: 
**   SIM_CONTROLLER 
** 
** Macro calls: 
**   BUILD_IICDATA 
** 
** Variables: 
**     dbcnt => number of files to control 
**     flprefix => base name of files to control 
**     logflag => notification indicator for messages 
**         
**;  
%MACRO CREATE_CONTROLLER(dbcntlocal,flprefix,logflag);   
  % SIM_NOTIFICATION (lognote= CREATE_CONTROLLER -- Calculating P(correct) 
values for &flprefix, 
         logflag=&logflag) 
  %DO cnt= 1 %TO & dbcntlocal. ; 
    ** 
    ** Read lines of parmaeters from PRMDATA file - ASSIGN TO &a{i} and &b{i} 
    **;  
    Data _NULL_; 
      set PRMDATA.&flprefix&cnt end=eof; 
      call symputx( 'a' ||left(_n_),discrimination); 
   call symputx( 'b' ||left(_n_),difficulty); 
      if eof= 1 then call symputx( 'pcount' ,_n_); 
    run; 
    ** 
 ** Pass discrimination and difficulty parameters to build file 
    **;  
 %let  cfile = CRTDATA.&flprefix&cnt; 
    %do vptr= 1 %to &pcount; 
      % BUILD_IICDATA (&&a&vptr, &&b&vptr, 0, 5.0 , - 5.0 , &vptr, &cfile) 
 %end; 
 ** 
 ** Add IIC values to built probability file 
 **;  
 %ADD_IICVALUES(&flprefix&cnt,&cfile) 
  %end; 
**;  
%MEND CREATE_CONTROLLER;��
��
H.8:  EQUATE_GROUPS 
��
** EQUATE_GROUPS 
** Macro to equate two groups to the same  
** latent construct distribution using the 
** simple "mean and sigma" approach 
**  
** 
** Called from: 
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**   SIM_CONTROLLER 
** 
** Macro calls: 
**    
** 
** Variables: 
**     dblib => library containing files 
**     dbcntlocal => number of file pairs to equate 
**     grp1pre => prefix file name for group 1 
**     grp2pre => prefix file name for group 2 
**         
**;  
%MACRO EQUATE_GROUPS(dblib,dbcntlocal,grp1pre,grp2pre);   
  %do cnt= 1 %to & dbcntlocal. ; 
    ** 
    ** Get mean and sd for difficulty group 1 (case) 
    **;  
    Proc surveymeans data=& dblib. . &grp1pre. &cnt mean; 
      var difficulty; 
      ods output Statistics = work.Statistics; 
    run; 
 Data _NULL_; 
   set WORK.statistics; 
   call symputx( 'g1mean' ,mean); 
   call symputx( 'g1sd' ,stderr); 
 run; 
    ** 
    ** Get mean and sd for difficulty group 2 (ctrl) 
    **;  
    Proc surveymeans data=& dblib. . &grp2pre. &cnt mean; 
      var difficulty; 
      ods output Statistics = work.Statistics; 
    run; 
 Data _NULL_; 
   set WORK.statistics; 
   call symputx( 'g2mean' ,mean); 
   call symputx( 'g2sd' ,stderr); 
 run; 
    Data & dblib. . &grp1pre. &cnt (keep=discrimination difficulty); 
   set & dblib. . &grp1pre. &cnt; 
   difficulty=((&g2sd/&g1sd)*difficulty)+(&g2mean-
((&g2sd/&g1sd)*&g1mean)); 
    run; 
  %end; 
  **   cleanup;  
  PROC datasets library=WORK nolist nodetails; 
    delete statistics; 
  run; 
%MEND EQUATE_GROUPS;��
��
H.9:  GET_FNAMES 
��
** GET_FNAMES 
** Macro to create a file that contains a list of filenames 
** for files that exist in a specific windows  
** directory location  
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** (a list of files for a simulation) 
**  
** Called from: 
**   SIM_CONTROLLER 
** 
** Macro calls: 
**   n/a 
** 
** Variables: 
**     floc => location of where to get list of files 
**     flist => library.file to store file name list      
**;  
%MACRO GET_FNAMES(floc,flist); 
  FILENAME _dir_ "%bquote(&floc.)" ; 
  Data &flist(keep=fnames);   /*fnames => variable with file names*/  
    handle=DOPEN( '_dir_'  ); 
    if handle > 0 then do; 
      count=DNUM(handle); 
      DO i= 1 TO count; 
        fnames=DREAD(handle,i); 
        output &flist; 
      end; 
    end; 
  rc=dclose(handle); 
  run; 
  FILENAME _dir_ CLEAR; 
  ** 
  **   Sort names in numberical order 
  **;  
  Data work.fnames; 
    set &flist; 
    vsort=input(substr(fnames, 2,length(fnames)- 5), BEST10. ); 
  run; 
  Proc sort data=work.fnames out=&flist; 
    by vsort; 
  run; 
%MEND GET_FNAMES;��
��
H.10:  MH_ANALYSIS 
��
** MH_ANALYSIS 
** Macro to conduct the Mantel Hanszel 
** (i.e. PROC FREQ) on the passed file 
**  
** 
** Called from: 
**   MH_CONTROLLER 
** 
** Macro calls: 
**   n/a 
** 
** Variables: 
**     dbptr => file indicator within simulation 
**     dblib => library storing files 
**     mhfile => file to analyze 
**      
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**;  
%MACRO MH_ANALYSIS(dbptr,dblib,mhfile);   
  **;  
  PROC FREQ data=& dblib. . &mhfile&dbptr order=data; 
    tables item*grp*correct /cmh nocol nopercent norow measures; 
    weight score; 
    ods output ORPlot=& dblib. .mhparms&dbptr; 
  run; 
%MEND MH_ANALYSIS; ��
��
H.11:  MH_CALCULATE 
��
** MH_CALCULATE 
** Macro to process the Mantel Hanszel 
** results and write file to SIMDATA library 
**  
** 
** Called from: 
**   MH_CONTROLLER 
** 
** Macro calls: 
**   n/a 
** 
** Variables: 
**     dbcnt => number of files to process 
**     dblib => library where files are stored 
**     mhprefix => prefix name of files to process 
**      
**;  
%MACRO MH_CALCULATE(dbcnt,dblib,mhprefix);   
  **;  
  %do cnt= 1 %to & dbcnt. ; 
    %let  qcnt1=0;  %let  qcnt2=0;  %let  qcnt3=0; 
 %let  qcnt4=0;  %let  qcnt5=0;  %let  qcnt6=0; 
 %let  qcnt7=0;  %let  qcnt8=0;  %let  qcnt9=0; 
 %let  qcnt10=0; 
    DATA _NULL_; 
      set & dblib. .mhparms&cnt; 
    call symputx( 'qlo' ||left(_n_),_LOWER); 
    call symputx( 'qhi' ||left(_n_),_UPPER); 
 run; 
 %if  &qhi1< 1 %then  %let  qcnt1=1; 
 %if  &qhi2< 1 %then  %let  qcnt2=1; 
 %if  &qhi3< 1 %then  %let  qcnt3=1; 
 %if  &qhi4< 1 %then  %let  qcnt4=1; 
 %if  &qhi5< 1 %then  %let  qcnt5=1; 
 %if  &qhi6< 1 %then  %let  qcnt6=1; 
 %if  &qhi7< 1 %then  %let  qcnt7=1; 
 %if  &qhi8< 1 %then  %let  qcnt8=1; 
 %if  &qhi9< 1 %then  %let  qcnt9=1; 
 %if  &qhi10< 1 %then  %let  qcnt10=1; 
 
 %if  &qlo1> 1 %then  %let  qcnt1=1; 
 %if  &qlo2> 1 %then  %let  qcnt2=1; 
 %if  &qlo3> 1 %then  %let  qcnt3=1; 
 %if  &qlo4> 1 %then  %let  qcnt4=1; 
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 %if  &qlo5> 1 %then  %let  qcnt5=1; 
 %if  &qlo6> 1 %then  %let  qcnt6=1; 
 %if  &qlo7> 1 %then  %let  qcnt7=1; 
 %if  &qlo8> 1 %then  %let  qcnt8=1; 
 %if  &qlo9> 1 %then  %let  qcnt9=1; 
 %if  &qlo10> 1 %then  %let  qcnt10=1; 
 
 Data WORK.mhtmp&cnt (KEEP=Q1 Q2 Q3 Q4 
                      Q5 Q6 Q7 Q8 Q9 Q10); 
      Q1 = SYMGETn( 'qcnt1' );  Q2 = SYMGETn( 'qcnt2' ); 
      Q3 = SYMGETn( 'qcnt3' );  Q4 = SYMGETn( 'qcnt4' ); 
      Q5 = SYMGETn( 'qcnt5' );  Q6 = SYMGETn( 'qcnt6' ); 
   Q7 = SYMGETn( 'qcnt7' );  Q8 = SYMGETn( 'qcnt8' ); 
      Q9 = SYMGETn( 'qcnt9' );  Q10 = SYMGETn( 'qcnt10' ); 
    run; 
  %end; 
  ** 
  ** merge files and store in SIMDATA 
  **;  
  Data & dblib. .MH_SIM; 
    Set WORK.mhtmp1; 
  run; 
  %if  &dbcnt> 1 %then  %do; 
    %Do i= 2 %to & dbcnt. ; 
   DATA & dblib. .MH_SIM; 
     SET & dblib. .MH_SIM WORK.mhtmp&i; 
   run; 
 %end; 
  %end; 
  Data SIMDATA.MH_SIM; 
    Set & dblib. .MH_SIM; 
  run; 
  **   cleanup;  
  PROC datasets library=& dblib.  nolist nodetails; 
    delete MH_SIM; 
  run; 
  PROC datasets library=WORK nolist nodetails; 
    %do i= 1 %to & dbcnt. ; 
   delete mhtmp&i; 
 %end; 
  run; 
%MEND MH_CALCULATE;��
��
H.12:  MH_CONTROLLER 
��
** MH_CONTROLLER 
** Macro to read files created by SASIRT_CONTROLLER, 
** format the dat, and conduct a Cochran Mantel Hanszel 
** analysis.  
**  
** 
** Called from: 
**   SIM_CONTROLLER 
** 
** Macro calls: 
**   MH_FORMATDATA 
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**   MH_ANALYSIS 
**   MH_CALCULATE 
** 
** Variables: 
**     dbcntlocal => number of files to process 
**     casef => case file name prefix 
**     ctrlf => control file name prefix 
**         
**;  
%MACRO MH_CONTROLLER(dbcntlocal,casef,ctrlf);   
  ** 
  ** First, format sas data for MH procedure 
  **;  
  %let  mhprefix=mh; 
  %let  dblib=MHDATA; 
  %do cnt= 1 %to & dbcntlocal. ; 
    % MH_FORMATDATA(SASDATA,&cnt,&casef&cnt,&ctrlf&cnt) 
  %end; 
  ** 
  ** Next, conduct PROC FREQ  
  **;  
  %do cnt= 1 %to & dbcntlocal. ; 
    % MH_ANALYSIS(&cnt,&dblib,&mhprefix) 
  %end; 
  ** 
  ** Calculate results and move data to SIMDATA library 
  **;  
  % MH_CALCULATE(&dbcntlocal,&dblib,&mhprefix) 
**;  
%MEND MH_CONTROLLER;��
��
H.13:  MH_FORMATDATA 
��
** MH_FORMATDATA 
** Macro to format data for a MH analysis 
**  
** 
** Called from: 
**   MH_CONTROLLER 
** 
** Macro calls: 
**    
** 
** Variables: 
**     dblib => library containing files 
**     dbptr => file pair pointer for naming MH files 
**     grp1f => prefix file name for group 1 
**     grp2f => prefix file name for group 2 
**         
**;  
%MACRO MH_FORMATDATA(dblib,dbptr,grp1f,grp2f); 
** 
** get number of respondents for G1 
**;  
  Data & dblib. . &grp1f (keep= Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9 Q10); 
    set & dblib. . &grp1f end=eof; 
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 if eof= 1 then do; 
      call symputx( 'rcnt' ,_N_); 
 end; 
  run; 
** 
** build G1 file - row for correct, row for incorrect 
**;  
  PROC MEANS NOPRINT DATA=&dblib. . &grp1f; 
    output out=WORK.mhg1 SUM(Q1 Q2 Q3 Q4 Q5 Q6 Q7 
                 Q8 Q9 Q10) 
              = Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9 Q10; 
  run; 
  DATA WORK.mhg1(KEEP = GRP Correct Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9 Q10); 
 set WORK.mhg1; 
      GRP= 1;  Correct= 1;  Output; 
   GRP= 1;  Correct= 0; 
   Q1=&rcnt-Q1; Q2=&rcnt-Q2; Q3=&rcnt-Q3; Q4=&rcnt-Q4; 
      Q5=&rcnt-Q5; Q6=&rcnt-Q6; Q7=&rcnt-Q7; Q8=&rcnt-Q8; 
      Q9=&rcnt-Q9; Q10=&rcnt-Q10;  
      Output; 
  run; 
** 
** get number of respondents for G2 
**;  
  Data & dblib. . &grp2f (keep= Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9 Q10); 
    set & dblib. . &grp2f end=eof; 
 if eof= 1 then do; 
      call symputx( 'rcnt' ,_N_); 
 end; 
  run; 
** 
** build G2 file 
**;  
  PROC MEANS NOPRINT DATA=&dblib. . &grp2f; 
    output out=WORK.mhg2 SUM(Q1 Q2 Q3 Q4 Q5 Q6 Q7 
                 Q8 Q9 Q10) 
              = Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9 Q10; 
  run; 
  DATA WORK.mhg2(KEEP = GRP Correct Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9 Q10); 
 set WORK.mhg2; 
      GRP= 2;  Correct= 1;  Output; 
   GRP= 2;  Correct= 0; 
   Q1=&rcnt-Q1; Q2=&rcnt-Q2; Q3=&rcnt-Q3; Q4=&rcnt-Q4; 
      Q5=&rcnt-Q5; Q6=&rcnt-Q6; Q7=&rcnt-Q7; Q8=&rcnt-Q8; 
      Q9=&rcnt-Q9; Q10=&rcnt-Q10;  
      Output; 
  run; 
  ** 
  **  merge Mhg1 and mhg2 files (into Mh&ptr)  
  **     and transpose to complete formatting 
  **;  
  DATA WORK.mh&dbptr; 
    set WORK.mhg1 WORK.mhg2; 
 ID=_N_; 
  RUN; 
  Proc transpose data=WORK.mh&dbptr out=WORK.mha prefix=Q; 
    by ID; 
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    var Q1-Q10; 
  run; 
  Proc transpose data=WORK.mh&dbptr out=WORK.mhb; 
    by ID; 
    var GRP; 
  run; 
  proc transpose data=WORK.mh&dbptr out=WORK.mhc; 
    by ID; 
    var Correct; 
  run; 
  DATA MHDATA.mh&dbptr (DROP=ID); 
    merge WORK.mha (rename=(Q1=score _name_=item)) 
          WORK.mhb (rename=(COL1=grp) drop=_name_) 
       WORK.mhc (rename=(COL1=correct) drop=_name_); 
      by ID; 
   label item= 'item' ; 
  run; 
  ** cleanup;  
  PROC datasets library=WORK nolist nodetails; 
   delete mha mhb mhc mhg1 mhg2; 
   delete mh& dbptr. ; 
  run; 
%MEND MH_FORMATDATA;��
��
H.14:  MPLUS2SAS 
��
** MPLUS2SAS 
** Macro to create a sas dataset from an Mplus file. 
** 
** Called from: 
**   SASIRT_CONTROLLER 
** 
** Macro calls: 
**   n/a 
** 
** Variables: 
**     fptr => file name suffix 
**     floc => file location on drive 
**     fname => file name and location on drive 
**     flprefix => base name of new SAS file 
**         
**;  
%MACRO MPLUS2SAS(floc,flname,fptr,flprefix); 
  %let  fname=&floc.\&flname; 
  Data SASDATA.&flprefix&fptr; 
    INFILE "&fname" ; 
    INPUT Q1 5- 12 Q2 18- 25 Q3 31- 38 Q4 44- 51 Q5 57- 64 
         Q6 70- 77 Q7 83- 90 Q8 96- 103  Q9 109 - 116  Q10 122 - 129 ; 
/*   Q11 135-142 Q12 148-155 Q13 161-168 Q14 174-181*/  
/*   Q15 187-194 Q16 200-207 Q17 213-220 Q18 226-233*/  
/*   Q19 239-246 Q20 252-259;*/  
  run; 
%MEND MPLUS2SAS;��
��
H.15:  MPLUSIRT_ANALYSIS 
��
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** MPLUSIRT_ANALYSIS 
** Macro to call Mplus to conduct the IRT analysis, 
** read the outputfile, and save the paramters to 
** ERRDATA libraries 
** 
** Called from: 
**   MPLUSIRT_CONTROLLER 
** 
** Macro calls: 
**   MPLUSIRT_OUTPUT 
**   SIM_ERRORMGMT 
** 
** Variables: 
**     fptr => file name suffix 
**     floc => file location on drive 
**     fname => file name and location on drive 
**     flprefix => base name of new SAS file 
**         
**;  
%MACRO MPLUSIRT_ANALYSIS(floc,flname,fptr,flprefix,logflag); 
  %let  fname=&floc.\&flname; 
  %let  codeloc= %substr ( %quote (&floc),1, %length (&floc)-5)\&flprefix..txt; 
  %let  outloc= %substr ( %quote (&fname),1, %length (&fname)-3)out; 
  % MPLUSIRT_OUTPUT(&fname,&codeloc,&outloc) 
  ** 
  **  read in Mplus output file and find parameter estimates 
  **  then 
  **  read output file (outloc) and save parameter estimates 
  **  to ERRDATA.xx and PRMDATA.xx 
  **;  
  %let  simerror=0; 
  %let  loctmp = "&outloc."; 
  Data WORK.outdata; 
    outloc=&loctmp;  
    INFILE outfile filevar=outloc length=len; 
    INPUT line $ varying200.  len; 
  run; 
  %let  chkval=0; 
  %let  linecnt=1; 
  Data WORK.outdata1 (keep=line); 
    Set WORK.outdata end=eof; 
 format line $char90. ; 
 tstval=SYMGET( 'chkval' ); 
 theline=cats(line); 
 chk=substr(theline, 1, 20); 
 if tstval= 0 then do; 
      if trim(chk)= 'Item Discriminations'  then do; 
        Call SYMPUT( 'chkval' , 1); 
      end; 
    end; else do; 
      cnt=SYMGET( 'linecnt' ); 
      if cnt LT 30 then do; 
        cntinc=cnt+ 1; 
  Call SYMPUT('linecnt' ,cntinc); 
        line=theline; 
        output; 
      end;  
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    end; 
 if eof= 1 then do; 
   if cnt LT 30 then do; 
  Call symput( 'simerror' , 1); 
   end; 
    end; 
  run; 
  Data WORK.outdata2 (keep=line); 
    Set WORK.outdata1; 
 Where substr(line, 1, 1)= 'U' ; 
 line=substr(line, 8,length(line)- 7); 
  run; 
  ** 
  **  get estimates and create ERRDATA and PRMDATA files 
  **;  
  %if  & simerror. =0 %then  %do; 
    Data work.outdata3 (keep=Estimate StandardError); 
      Set work.outdata2; 
   format estimate StandardError Best10.6 ; 
      delim= ' ' ; 
   ** 
   **  check for missing estimates from Mplus output 
   **;  
   tst=scan(line, 1,delim); 
   if index(tst, "*" ) EQ 0  
        then Estimate=input(tst, Best10.6 );  
        else Estimate= . ; 
   tst=scan(line, 2,delim); 
   if index(tst, "*" ) EQ 0 
        then StandardError=input(tst, Best10.6 ); 
     else StandardError= . ; 
    run; 
  %end;  
  %else  %do; 
    **  record analysis failure;  
    % SIM_ERRORMGMT(MPLUSIRT_ANALYSIS,& flname. ,Analysis failure) 
    ** create neutral record since analysis failed;  
    Data work.outdata3 (keep=Estimate StandardError); 
   format estimate StandardError Best10.6 ; 
   Do i = 1 to 20 ; 
     Estimate = 1 ; 
  StandardError = 9999  ; 
  output; 
   end; 
 run; 
  %end; 
  Data ERRDATA.&flprefix. &fptr.  (keep=Parameter Estimate StandardError); 
    set work.outdata3 end=eof; 
    parms=( 'a1 a2 a3 a4 a5 a6 a7 a8 a9 a10 b1 b2 b3 b4 b5 b6 b7 b8 b9 b10 
s2u' ); 
 delim= ' ' ; 
 Parameter=scan(parms,_N_,delim); 
 output; 
 if eof then do; 
   Estimate= . ; StandardError= . ; 
   Parameter=scan(parms, 21,delim); 
   output; 
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    end; 
  run; 
  **   cleanup;  
  PROC datasets library=WORK nolist nodetails; 
    delete outdata outdata1 outdata2 outdata3; 
  run; 
%MEND MPLUSIRT_ANALYSIS; ��
��
H.16:  MPLUSIRT_CONTROLLER 
��
** MPLUSIRT_CONTROLLER 
** Macro to manage the calling of other macros to  
** conduct IRT analysis for each file in the study. 
** Reads file list created by GET_FNAMES.  
** Call MPLUSIRT_ANALYSIS what will writes a file of  
** IRT parameters for each file analyzed.  
**  
** Called from: 
**   SIM_CONTROLLER 
** 
** Macro calls: 
**   MPLUSIRT_ANALYSIS 
** 
** Variables: 
**     logflag => 1 to turn off output to log 
**     location => see floc 
**     flist => name of file containing list of files  
**     flname# => global variables containing file names 
**     dbcount => contains the number of files to process 
**     dbptr => pointer for file suffix in name 
**     floc => pointer to file location on drive (strip quotes) 
**     flist => where to find file containing file list 
**     flprefix => base name for new SAS files (see MPLUS2SAS) 
**     eof => flag to check for end of file list 
**         
** ;    
%MACRO MPLUSIRT_CONTROLLER(logflag,location,flist,flprefix); 
  data _null_; 
    set &flist end=eof; 
    call symputx( 'flname' ||left(_n_),fnames, 'g' ); 
    if eof= 1 then call symputx( 'dbcount' ,_n_, 'g' ); 
  run; 
  ** 
  ** Loop through flname# variables that contain 
  ** names of files to process 
  **;  
  %if  &dbcount GT 0 %then  %do; 
    %let  floc= %substr ( %quote (&location),2, %length (&location)-2); 
    %do dbptr= 1 %to &dbcount; 
      % SIM_NOTIFICATION (lognote= MPLUSIRT_CONTROLLER -- Estimating parameters 
for &flprefix&dbptr, 
         logflag=&logflag) 
     % MPLUSIRT_ANALYSIS(&floc,&&flname&dbptr,&dbptr,&flprefix,&logflag) 
   ** 
   **  prepare data for MH routines 
   **;  
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   % MPLUS2SAS(&floc,&&flname&dbptr,&dbptr,&flprefix) 
    %end; 
  %end; 
  %else  %do; 
    % SIM_NOTIFICATION (lognote= MPLUSIRT_CONTROLLER -- ERROR -- no files to 
process, logflag= 2) 
  %end; 
%MEND MPLUSIRT_CONTROLLER;��
��
H.17:  MPLUSIRT_OUTPUT 
��
** MPLUSIRT_OUTPUT 
** Macro to conduct the IRT analysis 
** and save the output file 
** 
** Called from: 
**   MPLUSIRT_ANALYSIS 
** 
** Macro calls: 
**   n/a 
** 
** Variables: 
**     fname => data file name and location on drive 
**     codeloc => location to place Mplus code 
**     outloc => location to place analysis output 
**         
**;  
%MACRO MPLUSIRT_OUTPUT(fname, codeloc, outloc); 
  data mplus (keep=line); 
      length line $ 80; 
    fname=SYMGET( 'fname' ); codeloc=SYMGET( 'codeloc' ); 
 outloc=SYMGET( 'outloc' ); t1= ";" ; 
    line= 'TITLE:' ; output; 
    line= '  Code to analyse data to get ' ; output; 
 line= '  parameter estimates for simulation' ; output; 
 line= '  out => ' ||outloc; 
    line= 'DATA:  FILE IS' ; output; 
    line= '  ' ||cats(fname, t1); output; 
    line= 'VARIABLE:' ; output; 
    line= '  NAMES ARE u1-u10;' ; output; 
    line= 'CATEGORICAL ARE u1-u10;' ; output; 
    line= 'ANALYSIS:' ; output; 
    line= '  ESTIMATOR = MLR;' ; output; 
    line= 'MODEL:' ; output; 
    line= '  f BY u1-u10*;' ; output; 
    line= '  f@1;' ; output; 
    line= 'OUTPUT: TECH1 TECH8;' ; output; 
    line= 'PLOT:' ; output; 
    line= '  TYPE = PLOT3;' ; output; 
  run; 
  ;;;; 
  data mplus; 
    set mplus; 
    file "&codeloc" ; 
    put (line) ( 90.0 ); 
  run; 
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  option xwait xsync; 
  x "mplus &codeloc &outloc" ; 
%MEND MPLUSIRT_OUTPUT;��
��
H.18:  MPLUS_SIMDATA 
��
** MPLUS_SIMDATA 
** Macro to prep data folders and simlog file, build  
** the Mplus code, and then call Mplus to general 
** simulation data based on excel file information 
**  
** Called from: 
**   SIM_CONSTRUCTION 
** 
** Macro calls: 
**   N/A 
** 
** Variables: 
**    SimID => main folder name and ID for simulation 
**    caseloc => case data location for simulation 
**    ctrlloc => control data location for simulation 
**    NOTE:  use global macro variables for Mplus code 
**           and set in SIM_CONSTRUCTION 
**     
**;  
%MACRO MPLUS_SIMDATA(SimID,Simloc,caseloc,ctrlloc); 
  ** 
  ** delete files that are in the simulation data folders 
  **;  
  options xsync xmin noxwait; 
  %sysexec  del /f/q "&ctrlloc." ; 
  %sysexec  del /f/q "&caseloc." ; 
  ** 
  ** build Mplus code, control then case groups 
  **;  
  %let  inputcase=&simloc.\&simid.\&m_size.\m_case.txt; 
  %let  outputcase=&simloc.\&simid.\&m_size.\m_case.out; 
  %let  inputctrl=&simloc.\&simid.\&m_size.\m_ctrl.txt; 
  %let  outputctrl=&simloc.\&simid.\&m_size.\m_ctrl.out; 
  Data WORK.mplusctrl (keep=line); 
      length line $ 80; 
      format m_a1-m_a10 6.2 ; 
   format m_b1-m_b10 6.2 ; 
    m_SimID=SYMGET( 'SimID' ); m_size=SYMGET( 'm_ctrl' ); 
    m_reps=SYMGET( 'm_reps' ); m_loc=SYMGET( 'ctrlloc' ); 
 m_seed=SYMGET('m_seed' ); 
 m_a1=SYMGETN('m_a1' ); m_a2=SYMGETN( 'm_a2' ); m_a3=SYMGETN( 'm_a3' ); 
 m_a4=SYMGETN('m_a4' ); m_a5=SYMGETN( 'm_a5' ); m_a6=SYMGETN( 'm_a6' ); 
 m_a7=SYMGETN('m_a7' ); m_a8=SYMGETN( 'm_a8' ); m_a9=SYMGETN( 'm_a9' ); 
    m_a10=SYMGETN( 'm_a10' ); 
    m_b1=SYMGETN( 'm_b1' ); m_b2=SYMGETN( 'm_b2' ); m_b3=SYMGETN( 'm_b3' );  
    m_b4=SYMGETN( 'm_b4' ); m_b5=SYMGETN( 'm_b5' ); m_b6=SYMGETN( 'm_b6' ); 
    m_b7=SYMGETN( 'm_b7' ); m_b8=SYMGETN( 'm_b8' ); m_b9=SYMGETN( 'm_b9' );  
    m_b10=SYMGETN( 'm_b10' ); 
    line= 'TITLE: Generated code to create control data' ; output;  
    line= '  for simulation ' ||m_SimID; output; 
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 line= 'MONTECARLO:'; output; 
    line= '  names = u1-u10' || ";" ; output; 
    line= '  generate = u1-u10(1)' || ";" ; output; 
    line= '  categorical = u1-u10' || ";" ; output; 
   t1= '  nobs = ' ; t2= ';' ; t3=m_size; 
    line=t1||cats(m_size, t2); output; 
   t1= '  nreps = ' ; 
    line=t1||cats(m_reps, t2); output; 
   t1= '  SEED = ' ; 
    line=t1||cats(m_seed, t2); output; 
    line= '  REPSAVE = ALL' || ";" ; output; 
    line= '  save = ' ; output; 
   t1= '\B*.dat' ; t3=cats(m_loc, t1, t2);  
    line= '  ' ||t3; output; 
    line= 'ANALYSIS: ESTIMATOR = MLR' || ";" ; output; 
    line= 'MODEL POPULATION:' ; output; 
    line= '  f by u1@' ||m_a1; output; 
 line= '    u2*' ||m_a2; output; 
 line= '    u3*' ||m_a3; output; 
 line= '    u4*' ||m_a4; output; 
 line= '    u5*' ||m_a5; output; 
 line= '    u6*' ||m_a6; output; 
 line= '    u7*' ||m_a7; output; 
 line= '    u8*' ||m_a8; output; 
 line= '    u9*' ||m_a9; output; 
 line= '    u10*' ||cats(m_a10, t2); output; 
    line= '  f*1' || ";" ; output; 
    line= '  [u1$1*' ||m_b1; output; 
 line= '    u2$1*' ||m_b2; output; 
 line= '    u3$1*' ||m_b3; output; 
 line= '    u4$1*' ||m_b4; output; 
 line= '    u5$1*' ||m_b5; output; 
 line= '    u6$1*' ||m_b6; output; 
 line= '    u7$1*' ||m_b7; output; 
 line= '    u8$1*' ||m_b8; output; 
 line= '    u9$1*' ||m_b9; output; 
 line= '    u10$1*' ||cats(m_b10, "]" , t2); output; 
    line= 'MODEL:' ; output;  
    line= '  f by u1@' ||m_a1; output; 
 line= '    u2*' ||m_a2; output; 
 line= '    u3*' ||m_a3; output; 
 line= '    u4*' ||m_a4; output; 
 line= '    u5*' ||m_a5; output; 
 line= '    u6*' ||m_a6; output; 
 line= '    u7*' ||m_a7; output; 
 line= '    u8*' ||m_a8; output; 
 line= '    u9*' ||m_a9; output; 
 line= '    u10*' ||cats(m_a10, t2); output; 
    line= '  f*1' || ";" ; output; 
    line= '  [u1$1*' ||m_b1; output; 
 line= '    u2$1*' ||m_b2; output; 
 line= '    u3$1*' ||m_b3; output; 
 line= '    u4$1*' ||m_b4; output; 
 line= '    u5$1*' ||m_b5; output; 
 line= '    u6$1*' ||m_b6; output; 
 line= '    u7$1*' ||m_b7; output; 
 line= '    u8$1*' ||m_b8; output; 
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 line= '    u9$1*' ||m_b9; output; 
 line= '    u10$1*' ||cats(m_b10, "]" , t2); output; 
    line= 'OUTPUT: TECH8 TECH9' || ";" ; output; 
  run; 
  ;;; 
  Data WORK.mplusctrl; 
    set WORK.mplusctrl; 
    file "&inputctrl" ; 
    put (line) ( 90.0 ); 
  run; 
  option xwait xsync; 
  x "mplus &inputctrl &outputctrl" ; 
  ** 
  **    now build case data 
  **;  
  %let  chk1=small; %let  chk2=medium; %let  chk3=large; 
  %if  & m_size. =&chk1 %then  %do; 
    %let  m_adjval=-0.3; 
  %end;  
  %else  %do; 
    %if  & m_size. =&chk2 %then  %do; 
      %let  m_adjval=-0.6; 
 %end; 
    %else  %do; 
      %if  & m_size. =&chk3 %then  %do; 
        %let  m_adjval=-0.9; 
      %end; 
      %else  %do; 
  % SIM_NOTIFICATION (lognote= MPLUS_SIMDATA - ABORT - sim size error 
"&m_size." ,logflag= 2) 
  %let  m_adjval=0; 
   %end; 
    %end; 
  %end; 
  % SIM_NOTIFICATION (lognote= MPLUS_SIMDATA - case/ctrl difference is 
&m_size,logflag=&logflag) 
  **;  
  %if  &m_target< 1 or &m_target> 10 %then  %do; 
   % SIM_NOTIFICATION (lognote= MPLUS_SIMDATA - ABORT - item target error 
"&m_target." ,logflag= 2) 
  %end;  
  **;  
  Data WORK.mpluscase (keep=line); 
      length line $ 80; 
      format m_a1-m_a10 6.2 ; 
    format m_b1-m_b10 6.2 ; 
    m_SimID=SYMGET( 'SimID' ); m_size=SYMGET( 'm_case' ); 
    m_reps=SYMGET( 'm_reps' ); m_loc=SYMGET( 'caseloc' ); 
 m_seed=SYMGET('m_seed' ); m_adjust=SYMGET( 'm_size' ); 
 m_a1=SYMGETN('m_a1' ); m_a2=SYMGETN( 'm_a2' ); m_a3=SYMGETN( 'm_a3' ); 
 m_a4=SYMGETN('m_a4' ); m_a5=SYMGETN( 'm_a5' ); m_a6=SYMGETN( 'm_a6' ); 
 m_a7=SYMGETN('m_a7' ); m_a8=SYMGETN( 'm_a8' ); m_a9=SYMGETN( 'm_a9' ); 
    m_a10=SYMGETN( 'm_a10' ); 
    m_b1=SYMGETN( 'm_b1' ); m_b2=SYMGETN( 'm_b2' ); m_b3=SYMGETN( 'm_b3' );  
    m_b4=SYMGETN( 'm_b4' ); m_b5=SYMGETN( 'm_b5' ); m_b6=SYMGETN( 'm_b6' );  
    m_b7=SYMGETN( 'm_b7' ); m_b8=SYMGETN( 'm_b8' ); m_b9=SYMGETN( 'm_b9' );  
    m_b10=SYMGETN( 'm_b10' ); 



   

226 
 

 ** 
 **  change difficulty level for targeted item based on 
 **  m_size value for simulation 
 **;  
 **;  
 m_adjval=SYMGETN( 'm_adjval' ); 
 m_target=SYMGETN( 'm_target' ); 
 if &m_target= 1 then m_b1=m_b1+m_adjval; 
 if &m_target= 2 then m_b2=m_b2+m_adjval; 
 if &m_target= 3 then m_b3=m_b3+m_adjval; 
 if &m_target= 4 then m_b4=m_b4+m_adjval; 
 if &m_target= 5 then m_b5=m_b5+m_adjval; 
 if &m_target= 6 then m_b6=m_b6+m_adjval; 
 if &m_target= 7 then m_b7=m_b7+m_adjval; 
 if &m_target= 8 then m_b8=m_b8+m_adjval; 
 if &m_target= 9 then m_b9=m_b9+m_adjval; 
 if &m_target= 10 then m_b10=m_b10+m_adjval; 
 
    line= 'TITLE: Generated code to create case data' ; output;  
    line= '  for simulation ' ||m_SimID; output; 
 line= 'MONTECARLO:'; output; 
    line= '  names = u1-u10' || ";" ; output; 
    line= '  generate = u1-u10(1)' || ";" ; output; 
    line= '  categorical = u1-u10' || ";" ; output; 
   t1= '  nobs = ' ; t2= ';' ; t3=m_size; 
    line=t1||cats(m_size, t2); output; 
   t1= '  nreps = ' ; 
    line=t1||cats(m_reps, t2); output; 
   t1= '  SEED = ' ; 
    line=t1||cats(m_seed, t2); output; 
    line= '  REPSAVE = ALL' || ";" ; output; 
    line= '  save = ' ; output; 
   t1= '\A*.dat' ; t3=cats(m_loc, t1, t2);  
    line= '  ' ||t3; output; 
    line= 'ANALYSIS: ESTIMATOR = MLR' || ";" ; output; 
    line= 'MODEL POPULATION:' ; output; 
    line= '  f by u1@' ||m_a1; output; 
 line= '    u2*' ||m_a2; output; 
 line= '    u3*' ||m_a3; output; 
 line= '    u4*' ||m_a4; output; 
 line= '    u5*' ||m_a5; output; 
 line= '    u6*' ||m_a6; output; 
 line= '    u7*' ||m_a7; output; 
 line= '    u8*' ||m_a8; output; 
 line= '    u9*' ||m_a9; output; 
 line= '    u10*' ||cats(m_a10, t2); output; 
    line= '  f*1' || ";" ; output; 
    line= '  [u1$1*' ||m_b1; output; 
 line= '    u2$1*' ||m_b2; output; 
 line= '    u3$1*' ||m_b3; output; 
 line= '    u4$1*' ||m_b4; output; 
 line= '    u5$1*' ||m_b5; output; 
 line= '    u6$1*' ||m_b6; output; 
 line= '    u7$1*' ||m_b7; output; 
 line= '    u8$1*' ||m_b8; output; 
 line= '    u9$1*' ||m_b9; output; 
 line= '    u10$1*' ||cats(m_b10, "]" , t2); output; 
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    line= 'MODEL:' ; output;  
    line= '  f by u1@' ||m_a1; output; 
 line= '    u2*' ||m_a2; output; 
 line= '    u3*' ||m_a3; output; 
 line= '    u4*' ||m_a4; output; 
 line= '    u5*' ||m_a5; output; 
 line= '    u6*' ||m_a6; output; 
 line= '    u7*' ||m_a7; output; 
 line= '    u8*' ||m_a8; output; 
 line= '    u9*' ||m_a9; output; 
 line= '    u10*' ||cats(m_a10, t2); output; 
    line= '  f*1' || ";" ; output; 
    line= '  [u1$1*' ||m_b1; output; 
 line= '    u2$1*' ||m_b2; output; 
 line= '    u3$1*' ||m_b3; output; 
 line= '    u4$1*' ||m_b4; output; 
 line= '    u5$1*' ||m_b5; output; 
 line= '    u6$1*' ||m_b6; output; 
 line= '    u7$1*' ||m_b7; output; 
 line= '    u8$1*' ||m_b8; output; 
 line= '    u9$1*' ||m_b9; output; 
 line= '    u10$1*' ||cats(m_b10, "]" , t2); output; 
    line= 'OUTPUT: TECH8 TECH9' || ";" ; output; 
  run; 
  ;;;; 
  Data WORK.mpluscase; 
    set WORK.mpluscase; 
    file "&inputcase" ; 
    put (line) ( 90.0 ); 
  run; 
  option xwait xsync; 
  x "mplus &inputcase &outputcase" ; 
  ** 
  **   delete the list files 
  **;  
  %let  dfileloc=&caseloc.\Alist.dat; 
  data _null_; 
    fname= "tempfile" ; 
    rc=filename(fname, "&dfileloc" ); 
    if rc = 0 and fexist(fname) then 
       rc=fdelete(fname); 
    rc=filename(fname); 
  run; 
  %let  dfileloc=&ctrlloc.\Blist.dat; 
  data _null_; 
    fname= "tempfile" ; 
    rc=filename(fname, "&dfileloc" ); 
    if rc = 0 and fexist(fname) then 
       rc=fdelete(fname); 
    rc=filename(fname); 
  run; 
  **   cleanup;  
  PROC datasets library=WORK nolist nodetails; 
 delete mpluscase mplusctrl; 
  run; 
%MEND MPLUS_SIMDATA;��
��
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H.19:  NEW_IICDATA 
��
** NEW_IICDATA 
**  Macro to create first values for IICDATA file 
**  with passed values for A, B, C, HI, and LO 
**     SPC is hard set to .005 
** 
** Called from: 
**   BUILD_IICDATA 
** 
** Macro calls: 
**   n/a  
** 
** Variables: 
**     a, b, c => IRT parameters 
**     SKP => values along the latent range for IIC points 
**     hi, lo => set range for IIC points 
**     ITEM1 => calculated probability values along latent range 
**     SPC => Interval along the ste range from hi to lo 
**     cname => name of file to create 
** 
**;  
%MACRO NEW_IICDATA(a,b,c,hi,lo,cname); 
  Data &cname(KEEP=ITEM1 SKP);         
    %let  spc=.005; 
    do SKP=& lo.  to & hi.  BY & spc. ; 
      ITEM1=& c. +( 1-& c. )/( 1+EXP(- 1.7 *& a. *(SKP-& b. ))); 
      output &cname; 
    end; 
  run; 
%MEND NEW_IICDATA; ��
��
H.20:  SAS2IRTFORMAT 
��
** SAS2IRTFORMAT 
** Macro to prepare SAS dataset created by MPLUS2SAS for an IRT 
** analysis.  The reformatting transposes the file and adds 
** identifyer columns prior to creating the new file.  
**  
** Called from: 
**   SASIRT_CONTROLLER 
** 
** Macro calls: 
**   n/a 
** 
** Variables: 
**     flname => name of file to format 
**         
**;  
%MACRO SAS2IRTFORMAT(flname); 
  ** Add respondent ID variable;   
  Data FMTDATA.&flname; 
    Set SASDATA.&flname; 
    ID= _n_; 
  run; 
  ** 
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  ** Do loop below to transpose responses into a single 
  ** column. Then, add item variable for GLMMOD class command used to 
  ** create diagonal respondent indicators. 
  **;  
  Data FMTDATA.&flname(keep=var1 ID item); 
    set FMTDATA.&flname end=eof; 
    array questions(*) q1-q10; 
    do i= 1 to dim(questions); 
      item = i; 
      var1 = questions{i}; 
      rownum+ 1; 
      output; 
    end; 
    if eof= 1 then do; 
      call symputx( 'rownum' ,rownum); 
      colnum=dim(questions); 
      call symputx( 'colnum' ,colnum); 
    end; 
  run; 
  ** 
 ** run class command to finish formatting - creating indicators 
  **;  
  proc glmmod data= FMTDATA.&flname outdesign= FMTDATA.&flname 
     (rename=(item0=ID)) prefix=item zerobased; 
    class item; 
    model var1 = id item/noint; 
  run; 
%MEND SAS2IRTFORMAT;��
��
H.21:  SASIRT_ANALYSIS 
��
** SASIRT_ANALYSIS 
** Macro to conduct the IRT analysis using SAS NLMIXED 
** to obtain the IRT parameters and then creates a new 
** file containing the IRT parameters.   
**  
** Called from: 
**   SIM_CONTROLLER 
** 
** Macro calls: 
**   n/a 
** 
** Variables: 
**    flname => name of file to create 
** 
** 
**  NOTE:  Need to add Analysis failure checking to SAS routine  
**;  
%MACRO SASIRT_ANALYSIS(logflag,flname); 
  % SIM_NOTIFICATION (lognote=SASIRT_ANALYSIS -- Analyzing 
&flname,logflag=&logflag) 
  *  estimate and save starting difficulty values to file;  
  ods output ParameterEstimates= WORK.&flname(keep=parameter estimate 
standarderror); 
  proc nlmixed data = FMTDATA.&flname ; 
    parms b1-b10 = 1 s2u= .5 ; 
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    a1= 1; a2= 1; a3= 1; a4= 1; a5= 1; a6= 1; a7= 1; 
    a8= 1; a9= 1; a10= 1; 
    slope =a1*item1+  a2*item2+  a3*item3+  a4*item4+  a5*item5+  a6*item6+ 
           a7*item7+  a8*item8+  a9*item9+  a10*item10; 
    eta = 1.7 *slope*(theta-(b1*item1+  b2*item2+  b3*item3+  b4*item4+  
b5*item5+  b6*item6+ 
           b7*item7+  b8*item8+  b9*item9+  b10*item10)); 
    p= 1/( 1+(exp(-eta))); 
    model var1~BINARY(p); 
    RANDOM theta~NORMAL( 0,s2u) SUBJECT=ID; 
  run; 
  *  read and set starting values;  
  Data _null_; 
    set Work. &flname end=eof; 
    call symputx( 'btmp' ||left(_n_),estimate); 
  run; 
  *  set starting difficulty values 
  *  optimization algorithms tested, default (i.e. Tech=QUANEW) is best 
  *  estimate and save descrimination and difficulty values to file;  
  ods output ParameterEstimates= ERRDATA.&flname(keep=parameter estimate 
standarderror); 
  proc nlmixed data = FMTDATA.&flname; 
    bounds a1-a10> 0; 
    parms a1-a10 = 1 b1=&btmp1 b2=&btmp2 b3=&btmp3 b4=&btmp4 b5=&btmp5 
b6=&btmp6 
       b7=&btmp7 b8=&btmp8 b9=&btmp9 b10=&btmp10 s2u=&btmp11; 
    slope = a1*item1+  a2*item2+  a3*item3+  a4*item4+  a5*item5+ 
          a6*item6+  a7*item7+  a8*item8+  a9*item9+  a10*item10; 
    eta = 1.7 *slope*(theta-(b1*item1+  b2*item2+  b3*item3+  b4*item4+  
b5*item5+ 
          b6*item6+  b7*item7+  b8*item8+  b9*item9+  b10*item10)); 
    p = 1/( 1+(exp(-eta))); 
    model var1~BINARY(p); 
    RANDOM theta~NORMAL( 0,s2u) SUBJECT = ID; 
  run; 
  *  make sure standarderr variable exists;  
  %local  rc dsid; 
  %let  dsid= %sysfunc (open(ERRDATA.&flname)); 
  %if  %sysfunc (varnum(&dsid,standarderror)) < 1 %then  %do; 
    %let  rc= %sysfunc (close(&dsid)); 
 data errdata.casef4; 
      set errdata.casef4; 
   standarderror= . ; 
 run; 
  %end; %else  %let  rc= %sysfunc (close(&dsid)); 
  *  Read estimates from analysis and build parm file;  
  Data _null_; 
    set ERRDATA.&flname end=eof; 
    call symputx( 'p' ||left(_n_),Parameter); 
    call symputx( 'e' ||left(_n_),estimate); 
    call symputx( 's' ||left(_n_),StandardError); 
    if eof= 1 then call symputx( 'pcount' ,_n_); 
  run; 
  %let  i=1; 
  %let  pcount= %eval (&pcount/2); 
  %do ii= %eval ( 1+&pcount) %to %eval (&pcount* 2); 
    %let  ee&i=&&e&ii; 
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 %let  i= %eval (&i+1); 
  %end; 
  Data PRMDATA.&flname (keep=discrimination difficulty); 
    %do i= 1 %to &pcount; 
   discrimination=&&e&i; 
   difficulty=&&ee&i; 
   OUTPUT; 
 %end; 
  RUN; 
%MEND SASIRT_ANALYSIS; ��
��
H.22:  SASIRT_CONTROLLER 
��
** SASIRT_CONTROLLER 
** Macro to manage the calling of other macros to  
** conduct IRT analysis using SAS's NLMIXED routines 
** for each file in the simulation. Reads file list  
** created by GET_FNAMES. Next, Call SASIRT_ANALYSIS 
** that will writes a file of IRT parameters for each 
** file analyzed.  
**  
** Called from: 
**   SIM_CONTROLLER 
** 
** Macro calls: 
**   MPLUS2SAS 
**   SAS2IRTFORMAT 
**   SASIRT_ANALYSIS 
** 
** Variables: 
**     logflag => 1 to turn off output to log 
**     location => see floc 
**     flist => name of file containing list of files  
**     flname# => global variables containing file names 
**     dbcount => contains the number of files to process 
**     dbptr => pointer for file suffix in name 
**     floc => pointer to file location on drive (strip quotes) 
**     flist => where to find file containing file list 
**     flprefix => base name for new SAS files (see MPLUS2SAS) 
**     eof => flag to check for end of file list 
**         
** ;    
%MACRO SASIRT_CONTROLLER(logflag,location,flist,flprefix); 
  data _null_; 
    set &flist end=eof; 
    call symputx( 'flname' ||left(_n_),fnames, 'g' ); 
    if eof= 1 then call symputx( 'dbcount' ,_n_, 'g' ); 
  run; 
  ** 
  ** Loop through flname# variables that contain 
  ** names of files to process 
  **;  
  %if  &dbcount GT 0 %then  %do; 
    %let  floc= %substr ( %quote (&location),2, %length (&location)-2); 
    %do dbptr= 1 %to &dbcount; 
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      % SIM_NOTIFICATION (lognote= SASIRT_CONTROLLER -- Estimating parameters 
for &flprefix&dbptr, 
         logflag=&logflag) 
     % MPLUS2SAS(&floc,&&flname&dbptr,&dbptr,&flprefix) 
      % SAS2IRTFORMAT(&flprefix&dbptr) 
      % SASIRT_ANALYSIS(&logflag,&flprefix&dbptr) 
    %end; 
  %end; 
  %else  %do; 
    % SIM_NOTIFICATION (lognote= SASSIRT_CONTROLLER -- ERROR -- no files to 
process, logflag= 2) 
  %end; 
%MEND SASIRT_CONTROLLER;��
��
H.23:  SIM_CLEANUP 
��
**  ******************************* 
**  *   Clean-up of libraries     * 
**  ******************************* 
**  
** macro to clean up libraries from 
** simulation activities 
** 
**  Variables 
**    step1 => 1 if delete files from step 1 
**    step2 => 1 if delete files from step 2 
**    step3 => 1 if delete files from step 3 
**;  
%MACRO SIM_CLEANUP(step1,step2,step3); 
  %if  &step1= 1 %then  %do; 
 proc datasets library=Fmtdata kill nolist nodetails; 
 run; 
 quit; 
    proc datasets library=Prmdata kill nolist nodetails; 
    run; 
 quit; 
 proc datasets library=Sasdata kill nolist nodetails; 
 run; 
 quit; 
  %end; 
  %if  &step2= 1 %then  %do; 
    proc datasets library=Mhdata kill nolist nodetails; 
    run; 
 quit; 
  %end; 
  %if  &step3= 1 %then  %do; 
    proc datasets library=Crtdata kill nolist nodetails; 
    run; 
 quit; 
    proc datasets library=Simdata kill nolist nodetails; 
    run; 
 quit; 
    proc datasets library=Wamdata kill nolist nodetails; 
    run; 
 quit; 
 proc datasets library=Errdata kill nolist nodetails; 
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 run; 
 quit; 
  %end; 
  quit;  
%MEND SIM_CLEANUP; ��
��
H.24:  SIM_CONSTRUCTION 
��
** SIM_CONSTRUCTION 
** Macro to setup log file, read Excel file, and then 
** build the simulation files based on which simulation 
** has been requested 
**  
** Called from: 
**   n/a 
** 
** Macro calls: 
**   SIM_CONTROLLER 
**   MPLUS_SIMDATA 
** 
** Variables: 
**    simID => ID identifying the particular simulation 
**    simsize => which size to run within selected simulation 
**    simloc => base file location for simulation data 
**    logflag => 1 to turn off detail notifications 
**    estflag => selection for estimation software 
**      (Mplus, SAS, or black to only generate data) 
**;  
%MACRO SIM_CONSTRUCTION(SimID=,simsize=,simloc=,logflag=,estflag=); 
  ** 
  **  first  
  **  delete old simlog file and find simulation parameters in excel file 
  **;  
  %if  %sysfunc (exist(SIMDATA.simlog)) %then  %do; 
    Proc datasets library=SIMDATA nolist nodetails; 
      delete simlog; 
    run; 
  %end;  
  % SIM_NOTIFICATION (lognote= Simulations Started -- SimID is & SimID.   Size is 
&simsize.  ,logflag=&logflag) 
  Proc IMPORT 
      DATAFILE= "&simloc.\SIMparms.xls"  
      out=SIMDATA.Simparms REPLACE 
      DBMS=XLS; 
    SHEET= "info" ; 
    GETNAMES=YES; 
  run; 
  %let  excelchk=0; 
  Data _null_; 
    set SIMDATA.Simparms end=eof; 
 where SimID= "&simid"  and SimSize= "&simsize" ; 
 if SimID= "&simid"  then do; 
   call symputx( 'excelchk' , 1); 
   call symputx( 'm_case' ,case, 'g' ); 
   call symputx( 'm_ctrl' ,ctrl, 'g' ); 
   call symputx( 'm_reps' ,reps, 'g' ); 
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   call symputx( 'm_size' ,SimSize, 'g' ); 
      call symputx( 'm_seed' ,seed, 'g' ); 
   call symputx( 'm_target' ,target, 'g' ); 
      call symputx( 'm_a1' ,a1, 'g' ); call symputx( 'm_a2' ,a2, 'g' ); 
      call symputx( 'm_a3' ,a3, 'g' ); call symputx( 'm_a4' ,a4, 'g' ); 
      call symputx( 'm_a5' ,a5, 'g' ); call symputx( 'm_a6' ,a6, 'g' ); 
      call symputx( 'm_a7' ,a7, 'g' ); call symputx( 'm_a8' ,a8, 'g' ); 
      call symputx( 'm_a9' ,a9, 'g' ); call symputx( 'm_a10' ,a10, 'g' ); 
      call symputx( 'm_b1' ,b1, 'g' ); call symputx( 'm_b2' ,b2, 'g' ); 
      call symputx( 'm_b3' ,b3, 'g' ); call symputx( 'm_b4' ,b4, 'g' ); 
      call symputx( 'm_b5' ,b5, 'g' ); call symputx( 'm_b6' ,b6, 'g' ); 
      call symputx( 'm_b7' ,b7, 'g' ); call symputx( 'm_b8' ,b8, 'g' ); 
      call symputx( 'm_b9' ,b9, 'g' ); call symputx( 'm_b10' ,b10, 'g' ); 
 end; 
    if eof= 1 then call symputx( 'simcheck' ,_n_, 'g' ); 
  run; 
  %if  &excelchk= 1 %then  %do; 
    ** call macro to build data using Mplus;  
    %let  mcaseloc=&simloc.\&simid.\&m_size.\case; 
 %let  mctrlloc=&simloc.\&simid.\&m_size.\ctrl; 
    % MPLUS_SIMDATA(&SimID,&simloc,&mcaseloc,&mctrlloc) 
 ** call macro to conduct simulation;  
 %if  &estflag=Mplus or &estflag=SAS %then  %do; 
   % SIM_NOTIFICATION (lognote= SIM_CONSTRUCTION -- calling simulation 
&SimID.  using & estflag. , 
                        logflag=&logflag) 
      %let  caseloc="&mcaseloc."; 
      %let  ctrlloc="&mctrlloc."; 
      
%SIM_CONTROLLER(simID=&simID,logflag=&logflag,caseloc=&caseloc,ctrlloc=&ctrll
oc,estflag=&estflag) 
    %end; 
 %else  %do; 
   % SIM_NOTIFICATION (lognote= SIM_CONSTRUCTION -- finished creating data 
files) 
 %end; 
  %end;  
  %else  %do; 
    % SIM_NOTIFICATION (lognote= SIM_CONSTRUCTION -- ABORT -- Invalid SimID 
"&simid"  or missing excel file, logflag= 2) 
  %end; 
%MEND SIM_CONSTRUCTION;��
��
H.25:  SIM_CONTROLLER 
��
** SIM_CONTROLLER 
** Macro to manage the calling of all other macros to 
** conduct a simulation that used file from two location. 
** i.e. Controlls the simulation. 
**  
** Called from: 
**   SIM_CONSTRUCTION 
** 
** Macro calls: 
**   Part 1: 
**     GET_FNAMES 
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**     EQUATE_GROUPS 
**     SASIRT_CONTROLLER 
**     MPLUSIRT_CONTROLLER 
**     CREATE_CONTROLLER 
**     WAM_CONTROLLER 
**   Part 2: 
**     MH_CONTROLLER 
**   Part 3: 
**     SIM_RESULTS 
** 
** Variables: 
**    simID => ID identifying the particular simulation 
**    logflag => 1 to turn off generic log notifications 
**    caseloc => location of case files 
**    ctrlloc => location of control files 
**    estflag => selected estimation software 
**    dbcount => number of files to process 
**                  (set in SASIRT_CONTROLLER) 
**    flprefix => base name for generated files  
**;  
%MACRO SIM_CONTROLLER(SimID=,logflag=,caseloc=,ctrlloc=,estflag=); 
  % SIM_NOTIFICATION (lognote= SIM_CONTROLLER -- Step One 
Started,logflag=&logflag) 
  ** 
  **  first find parms for caseloc 
  **;  
  %if  &caseloc ^= %then  %do; 
    %let  flprecase=casef; 
 %let  caselist=SIMDATA.casefiles; 
    % GET_FNAMES(&caseloc,&caselist) 
 %if  &estflag=SAS %then  %do;  
      % SASIRT_CONTROLLER(&logflag,&caseloc,&caselist,&flprecase) 
 %end;  
    %else  %if  &estflag=Mplus %then  %do; 
   % MPLUSIRT_CONTROLLER(&logflag,&caseloc,&caselist,&flprecase) 
 %end; 
  %end; 
  ** 
  **  next, find parms for ctrllist 
  **;  
  %if  &ctrlloc ^= %then  %do; 
    %let  flprectrl=ctrlf; 
 %let  ctrllist=SIMDATA.ctrlfiles; 
    % GET_FNAMES(&ctrlloc,&ctrllist) 
 %if  &estflag=SAS %then  %do;  
      % SASIRT_CONTROLLER(&logflag,&ctrlloc,&ctrllist,&flprectrl) 
 %end; 
 %else  %if  &estflag=Mplus %then  %do; 
      % MPLUSIRT_CONTROLLER(&logflag,&ctrlloc,&ctrllist,&flprectrl) 
    %end; 
  %end; 
  ** 
  **  If both case and control, call equate before building IIC 
  **;  
  % SIM_NOTIFICATION (lognote= SIM_CONTROLLER -- WAM building 
started,logflag=&logflag) 
  %if  &caseloc ^= %then  %do; 
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    %if  &ctrlloc ^= %then  %do; 
   % CHECK_DATA(&simID,&dbcount,ERRDATA,&flprecase,&flprectrl,logflag) 
   % EQUATE_GROUPS(PRMDATA,&dbcount,&flprecase,&flprectrl) 
   % CREATE_CONTROLLER(&dbcount,&flprecase,&logflag) 
   % CREATE_CONTROLLER(&dbcount,&flprectrl,&logflag) 
 %end;  
    %else  %do; 
   % CREATE_CONTROLLER(&dbcount,&flprecase,&logflag) 
 %end; 
  %end;  
  %else  %do; 
    %if  &ctrlloc ^= %then  %do; 
   % CREATE_CONTROLLER(&dbcount,&flprectrl,&logflag) 
 %end; 
  %end; 
  ** 
  **  next, conduct the WAM analysis 
  **;  
  % SIM_NOTIFICATION (lognote= Calling WAM_CONTROLLER -- calculating AREA and 
WAM values,logflag=&logflag) 
  %if  &caseloc ^= %then  %do; 
      %if  &ctrlloc ^= %then  %do; 
     % WAM_CONTROLLER(&dbcount,&flprecase,&flprectrl) 
   %end; 
  %end; 
  ** 
  **  Now conduct Mantel Hanszel on SAS data in SASDATA library 
  **;  
  % SIM_NOTIFICATION (lognote= SIM_CONTROLLER -- Step Two 
Started,logflag=&logflag) 
  %if  &caseloc ^= %then  %do; 
    %if  &ctrlloc ^= %then  %do; 
     % MH_CONTROLLER(&dbcount,&flprecase,&flprectrl) 
 %end; 
  %end; 
  ** 
  **   call SIM_RESULTS (library and files are hard coded) 
  **;  
  % SIM_NOTIFICATION (lognote= SIM_CONTROLLER -- Step Three 
Started,logflag=&logflag) 
  % SIM_RESULTS(&simID,SIMDATA,Area_sim,Wam_sim,Mh_sim,&logflag); 
  % SIM_NOTIFICATION (lognote= Simulations Ended => SimID=&simid 
,logflag=&logflag) 
  **;  
%MEND SIM_CONTROLLER;��
��
H.26:  SIM_ENVIRONMENT 
��
**  Macro codes for dissertation procedures 
**  Grouped by tasks identified as PART 1, 2, and 3 
**  Detailed description of macro function placed in 
**     macro header comment section;  
** 
**  Macro names: 
** 
**  ************  Main Simulation Macro 
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** 
**    MPLUS_SIMDATA(simID,simloc,caseloc,ctrlloc) 
**    SIM_CONSTRUCTION(simID,simsize,simloc,logflag,estflag) 
**    SIM_CONTROLLER(simID,logflag,caseloc,ctrlloc,estflag) 
**    SIM_ENVIRONMENT =>  initiating code for simulations 
** 
**  ************  PART 1 - WAM analysis 
**   
**  Created:  
**    ADD_IICDATA(a,b,c,hi,lo,vptr,cname) 
**    ADD_IICVALUES(prmfile,cfile) 
**    AREA_CALCULATION(dbcntlocal,flprecase,flprectrl) 
**    BUILD_IICDATA(a,b,c,hi,lo,vptr,cname) 
**    BUILD_PRMDATA(simID,dblib,fname,logflag) 
**    CHECK_DATA(simID,dbcntlocal,dblib,casef,ctrlf,logflag) 
**    CREATE_CONTROLLER(dbcntlocal,flprefix,logflag) 
**    EQUATE_GROUPS(dblib,dbcntlocal,grp1pre,grp2pre) 
**    GET_FNAMES(floc,flist) 
**    MPLUS2SAS(floc,flname,fptr,flprefix) 
**    MPLUSIRT_ANALYSIS(floc,flname,fptr,flprefix,logflag) 
**    MPLUSIRT_CONTROLLER(logflag,location,flist,flprefix) 
**    MPLUSIRT_OUTPUT(fname,codeloc,outloc) 
**    NEW_IICDATA(a,b,c,hi,lo,cname) 
**    SAS2IRTFORMAT(fname) 
**    SASIRT_ANALYSIS(logflag,flname) 
**    SASIRT_CONTROLLER(logfile,location,flist,flprefix) 
**    WAM_CALCULATION(dbptr,casefile,ctrlfile) 
**    WAM_CONTROLLER(dbcntlocal,flprecase,flprectrl) 
** 
**  ***********  PART 2 - Mantel Hanszel analysis 
** 
**  Created: 
**    MH_ANALYSIS(dbptr,dblib,mhfile) 
**    MH_CALCULATE(dbcnt,dblib,mhprefix) 
**    MH_CONTROLLER(dbcntlocal,casef,ctrlf) 
**    MH_FORMATDATA(dblib,dbptr,grp1f,grp2f) 
** 
**  ***********  PART 3 - Results/Analyses 
** 
**  Created: 
**    SIM_GRAPH(simID) 
**    SIM_HITSBYPROCESS(simID,dblib,areafile,wamfile,mhfile) 
**    SIM_PREGRAPH(simID,libname,fname) 
**    SIM_RESULTS(simID,dblib,areafile,wamfile,mhfile,logflag) 
**    SIM_SEMISSING(simID,libname,estfile) 
**    SIM_STDANALYSIS(simID,libname,estfile,mhfile,areafile,wamfile) 
**    SIM_STDERRORS(errlib,wamlib) 
**    SIM_STDSELECTED(libname,mhfile,areafile,wamfile) 
**    SIM_STDTRANSPOSE(errlib,ptr,casefile,ctrlfile) 
**    SIM_UNIVARIATE(simID,libname,efile) 
**    WAM_GRAPH(simID,casefile,ctrlfile,iicfile,fileptr,itemptr) 
** 
**  ***********   Stand alone and multiple callers 
** 
**    SIM_CLEANUP(step1,step2,step3) 
**    SIM_NOTIFICATION(lognote,logflag) 
** 
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**     
**  ******************************* 
**  *     Environment Setup       * 
**  ******************************* 
**;   
 
LIBNAME SIMDATA 'D:\cfs\Dissertation\SAS\Data\SIM' ; 
LIBNAME SASDATA 'D:\cfs\Dissertation\SAS\Data\SAS' ; 
LIBNAME FMTDATA 'D:\cfs\Dissertation\SAS\Data\FMT' ; 
LIBNAME PRMDATA 'D:\cfs\Dissertation\SAS\DATA\PRM' ; 
LIBNAME ERRDATA 'D:\cfs\Dissertation\SAS\DATA\ERR' ; 
LIBNAME CRTDATA 'D:\cfs\Dissertation\SAS\DATA\CRT' ; 
LIBNAME WAMDATA 'D:\cfs\Dissertation\SAS\Data\WAM' ; 
LIBNAME MHDATA 'D:\cfs\Dissertation\SAS\Data\MH' ; 
LIBNAME LIBMAC 'D:\cfs\Dissertation\SAS\MACROS' ; 
OPTION SASMSTORE=LIBMAC; 
OPTION USER=WORK; 
FILENAME fileref 'D:\cfs\Dissertation\SAS\macros\Library' ; 
OPTIONS MAUTOSOURCE SASAUTOS=(SASAUTOS fileref); 
Proc  FORMAT; 
  value  f_yesno 0 = 'No'  
                1 = 'Yes' ; 
run ; 
 
**  Choose below for debugging macros;  
OPTION NOMPRINT NOMLOGIC NOSYMBOLGEN; 
OPTION MPRINT MLOGIC SYMBOLGEN; 
ODS HTML CLOSE; 
ODS HTML; 
 
**  Environment Settings;  
proc  options ; run ; 
ods  graphics  on / antialiasmax =10000 ; 
 
**  -----------------------------------------------  ** 
**  SIMULATION INITIATION POINT 
** 
**  Simulation Selections 
**    simID => ID found in Excel file to identify dataset characteristics 
**    simsize => identifies the desired separation for the case/control 
analysis 
**    simloc => establishes base file structure for all data files and 
datasets 
**    logflag => turn off (0) or turn on (1) sending detailed information to 
log window 
**    estflag => selects which software to use for IRT analysis (Mplus, SAS, 
or blank) 
** 
**  WARNING....  Macro deletes file  ** 
**;  
 
%SIM_CLEANUP( 1, 1, 1)  **clear data files - crt, err, fmt, etc.;  
 
DM 'ODSRESULTS' CLEAR;  **clear results window;  
 
%SIM_CONSTRUCTION(simID=SIM30A50B,simsize=large,simloc=D:\cfs\Dissertation\da
ta\ 10items,logflag= 1,estflag=Mplus) 
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options  source  notes ;   **turn back on log information;  
 
ods  results on;  ** turn back on results window;  
 
%put  &syssite;   **  get site license number for SAS support;  
��
H.27:  SIM_ERRORMGMT 
��
** SIM_ERRORMGMT 
** Macro to capture major errors in simulation, 
** take particular action depending on location, and  
** create SIMDATA.Simerror to help manage error  
**  
** Called from: 
**   MPLUSIRT_ANALYSIS 
** 
** Macro calls: 
**   n/a 
** 
** Variables: 
**   macname => name of macro that captured error 
**   flname => file name that involves the error 
**   errnote => message about error 
**     
**         
**;  
%MACRO SIM_ERRORMGMT(macname,flname,errnote); 
  ** identify macro to selection action;  
  %if  &macname = MPLUSIRT_ANALYSIS %then  %do; 
    %if  %sysfunc (exist(SIMDATA.simerror)) %then  %do; 
      Data SIMDATA.simerror; 
        Set SIMDATA.simerror end=eof; 
     output; 
        if eof then do; 
          macname=SYMGET( 'macname' ); 
       flname=SYMGET( 'flname' ); 
       errnote=SYMGET( 'errnote' ); 
       id=_N_+ 1; 
       output; 
     end; 
      run; 
 %end; 
    %else  %do; 
      Data SIMDATA.simerror; 
          Retain id; 
     format macname $CHAR25. flname $CHAR10. errnote $CHAR100. ; 
        id= 1; 
        macname=SYMGET( 'macname' ); 
     flname=SYMGET( 'flname' ); 
     errnote=SYMGET( 'errnote' ); 
   run; 
    %end; 
  %end; 
  **   add error handling from macros below this message;  
%MEND SIM_ERRORMGMT;��
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��
H.28:  SIM_GRAPH 
��
** SIM_GRAPH 
** Macro to create graphs for simulation review 
**   
**  
** Called from: 
**   SIM_RESULTS 
** 
** Macro calls: 
**   WAM_GRAPH 
** 
** Variables: 
**    simID => simulation ID 
**         
**;  
%MACRO SIM_GRAPH(simID); 
  ** 
  **  create prob and IIC curve for item and simulation 
  **  run with largest WAM value 
  **;  
  %let  maxwam=0; 
  %let  maxsim=1; 
  %let  maxitem=1; 
  Data SIMDATA.wam_sim (drop=maxchk); 
    set SIMDATA.wam_sim; 
 SimID=SYMGET( 'simID' ); 
 maxchk=SYMGET( 'maxwam' ); 
 if W1a GT maxchk then do; 
   call SYMPUT( 'maxwam' ,W1a); call SYMPUT( 'maxsim' ,left(_n_)); call 
SYMPUT('maxitem' , 1); 
 end; 
 if W2a GT maxchk then do; 
   call SYMPUT( 'maxwam' ,W2a); call SYMPUT( 'maxsim' ,left(_n_)); call 
SYMPUT('maxitem' , 2); 
 end; 
 if W3a GT maxchk then do; 
   call SYMPUT( 'maxwam' ,W3a); call SYMPUT( 'maxsim' ,left(_n_)); call 
SYMPUT('maxitem' , 3); 
 end; 
 if W4a GT maxchk then do; 
   call SYMPUT( 'maxwam' ,W4a); call SYMPUT( 'maxsim' ,left(_n_)); call 
SYMPUT('maxitem' , 4); 
 end; 
 if W5a GT maxchk then do; 
   call SYMPUT( 'maxwam' ,W5a); call SYMPUT( 'maxsim' ,left(_n_)); call 
SYMPUT('maxitem' , 5); 
 end; 
 if W6a GT maxchk then do; 
   call SYMPUT( 'maxwam' ,W6a); call SYMPUT( 'maxsim' ,left(_n_)); call 
SYMPUT('maxitem' , 6); 
 end; 
 if W7a GT maxchk then do; 
   call SYMPUT( 'maxwam' ,W7a); call SYMPUT( 'maxsim' ,left(_n_)); call 
SYMPUT('maxitem' , 7); 



   

241 
 

 end; 
 if W8a GT maxchk then do; 
   call SYMPUT( 'maxwam' ,W8a); call SYMPUT( 'maxsim' ,left(_n_)); call 
SYMPUT('maxitem' , 8); 
 end; 
 if W9a GT maxchk then do; 
   call SYMPUT( 'maxwam' ,W9a); call SYMPUT( 'maxsim' ,left(_n_)); call 
SYMPUT('maxitem' , 9); 
 end; 
 if W10a GT maxchk then do; 
   call SYMPUT( 'maxwam' ,W10a); call SYMPUT( 'maxsim' ,left(_n_)); call 
SYMPUT('maxitem' , 10); 
 end; 
  run; 
  ods results on;  ** make sure results is turned on ;  
  
%WAM_GRAPH(&simID,CRTDATA.casef,CRTDATA.ctrlf,CRTDATA.ctrlf,&maxsim,&maxitem) 
  ** 
  **  create trend graph of sorted mean WAM values 
  **;  
  title "WAM descriptives for SIMID &simID." ; 
  proc means data=SIMDATA.wam_sim mean median min max Q1 Q3; 
    var W1a W2a W3a W4a W5a W6a W7a W8a W9a W10a; 
 where W1a NE 0;          ** select only valid simulations;  
 output out=work.tmp; 
 output out=work.tmp2 median=; 
  run; 
  data tmp3 (drop=_TYPE_ _FREQ_); 
    set tmp tmp2(in=in2); 
 if in2 then _STAT_ = 'MEDIAN' ; 
 run; 
  proc transpose data=work.tmp3 out=SIMDATA.Wam_sort (rename=(_NAME_=Item)); 
    id _STAT_; 
 run; 
  proc sort data=SIMDATA.Wam_sort; 
    by MEDIAN; 
  run; 
  data SIMDATA.Wam_sort; 
    set SIMDATA.Wam_sort; 
 label Item= 'Item' ; 
 SimID=SYMGET( 'simid' ); 
  run; 
  title  "WAM comparison for simulated items - SIM &simid." ; 
  title2 ' (sorted small to large by median WAM value) ' ; 
  proc sgplot data=SIMDATA.Wam_sort; 
    series x=Item y=MIN / lineattrs=(thickness= 1 pattern=dash) 
curvelabel= 'Min value' ; 
    series x=Item y=MAX / lineattrs=(thickness= 1 pattern=dash) 
curvelabel= 'Max value' ; 
    series x=Item y=MEDIAN / lineattrs=(thickness= 2) curvelabel= 'Median 
value' ; 
  run; 
  **  clean-up;  
  PROC datasets library=WORK nolist nodetails; 
 delete tmp tmp2 tmp3 tmp4 tmp5; 
  run; 
%MEND SIM_GRAPH; ��
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��
H.29:  SIM_HITSBYPROCESS 
��
** SIM_HITSBYPROCESS 
** Macro to combine analysis from results files into a single file 
** to review number of times each item was selected for DIF review 
**  
**  
** Called from: 
**   SIM_RESULTS 
** 
** Macro calls: 
**   n/a 
** 
** Variables: 
**    simID => ID identifying the particular simulation 
**    dblib => library containing files 
**    areafile => file containing area values for IIC curves 
**    wamfile => file containing WAM values 
**    mhfile => file containing selection values from MH analysis 
**         
**;  
%MACRO SIM_HITSBYPROCESS(simID,dblib,areafile,wamfile,mhfile); 
  ** 
  **  for area and WAM find max from values list of differences 
  **;  
  Data work.dtmp1 (keep=sim area); 
    SET & dblib. . &areafile end=eof; 
 sim=_n_; 
    ARRAY findmax [*] A1a A2a A3a A4a A5a A6a A7a A8a A9a A10a; 
    largest=MAX(A1a, A2a, A3a, A4a, A5a, A6a, A7a, A8a, A9a, A10a); 
    do i= 1 to DIM(findmax); 
      IF findmax[i]=largest then do; 
        Call SYMPUTX( 'found' ||left(_n_),i); 
  area=i; 
   end; 
    end; 
 if eof then CALL SYMPUTX( 'rowcnt' ,_n_); 
  run; 
  Data WORK.areatmp (KEEP=Q1-Q10); 
    cnt=SYMGET( 'rowcnt' ); 
 do i= 1 to cnt; 
      ptr=SYMGETN( 'found' ||left(i)); 
      if ptr= 1 then Q1= 1; else Q1= 0; 
      if ptr= 2 then Q2= 1; else Q2= 0; 
      if ptr= 3 then Q3= 1; else Q3= 0; 
      if ptr= 4 then Q4= 1; else Q4= 0; 
      if ptr= 5 then Q5= 1; else Q5= 0; 
      if ptr= 6 then Q6= 1; else Q6= 0; 
      if ptr= 7 then Q7= 1; else Q7= 0; 
      if ptr= 8 then Q8= 1; else Q8= 0; 
      if ptr= 9 then Q9= 1; else Q9= 0; 
      if ptr= 10 then Q10= 1; else Q10= 0; 
   output; 
 end; 
  run; 
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  Data work.dtmp2 (keep=sim wam); 
    SET & dblib. . &wamfile end=eof; 
 sim=_n_; 
    ARRAY findmax [*] W1a W2a W3a W4a W5a W6a W7a W8a W9a W10a; 
    largest=MAX(W1a, W2a, W3a, W4a, W5a, W6a, W7a, W8a, W9a, W10a); 
    do i= 1 to DIM(findmax); 
      IF findmax[i]=largest then do; 
        Call SYMPUTX( 'found' ||left(_n_),i); 
  wam=i; 
   end; 
    end; 
 if eof then CALL SYMPUTX( 'rowcnt' ,_n_); 
  run; 
  Data WORK.WAMtmp (KEEP=Q1-Q10); 
    cnt=SYMGET( 'rowcnt' ); 
 do i= 1 to cnt; 
      ptr=SYMGETN( 'found' ||left(i)); 
      if ptr= 1 then Q1= 1; else Q1= 0; 
      if ptr= 2 then Q2= 1; else Q2= 0; 
      if ptr= 3 then Q3= 1; else Q3= 0; 
      if ptr= 4 then Q4= 1; else Q4= 0; 
      if ptr= 5 then Q5= 1; else Q5= 0; 
      if ptr= 6 then Q6= 1; else Q6= 0; 
      if ptr= 7 then Q7= 1; else Q7= 0; 
      if ptr= 8 then Q8= 1; else Q8= 0; 
      if ptr= 9 then Q9= 1; else Q9= 0; 
      if ptr= 10 then Q10= 1; else Q10= 0; 
   output; 
 end; 
  run; 
  ** 
  ** find sums for each question selected by analysis type 
  **;  
  PROC MEANS NOPRINT DATA=WORK.areatmp; 
    output out=WORK.R1 SUM(Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9 Q10) 
              = Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9 Q10; 
  run; 
  Data WORK.R1(DROP = _TYPE_ _FREQ_); 
    set WORK.R1; 
 analysis= 'area' ; 
  run; 
  PROC MEANS NOPRINT DATA=WORK.wamtmp; 
    output out=WORK.R2 SUM(Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9 Q10) 
              = Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9 Q10; 
  run; 
  Data WORK.R2(DROP = _TYPE_ _FREQ_); 
    set WORK.R2; 
 analysis= 'WAM' ; 
  run; 
  PROC MEANS NOPRINT DATA=&dblib. . &mhfile;      
    output out=WORK.R3 SUM(Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9 Q10) 
              = Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9 Q10; 
  run; 
  Data WORK.R3(DROP = _TYPE_ _FREQ_); 
    set WORK.R3; 
 analysis= 'MH' ; 
  run; 
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  ** build MH success and miss rate by simulation;  
  **  NOTE -- hard coded for item #4;  
  Data WORK.dtmp3 (keep=sim simID MH_hit MH_misses); 
    Set SIMDATA.mh_sim; 
 sim=_N_; 
 SimID=SYMGET( 'simID' ); 
    MH_hit = Q4; 
 MH_misses = sum(of Q1-Q3, of Q5-Q10); 
  run; 
  ** 
  ** combine files and store in SIMDATA 
  **;  
  Data SIMDATA.Results; 
 SET WORK.R1 WORK.R2 WORK.R3; 
  run; 
  Data SIMDATA.Results; 
 SET SIMDATA.Results; 
 SimID=SYMGET( 'simID' ); 
  run; 
  Data SIMDATA.area_vs_wam_vs_MH; 
    Retain sim simID; 
    Merge WORK.dtmp1 WORK.dtmp2 WORK.dtmp3; 
 by sim; 
  run; 
  **   cleanup;  
  PROC datasets library=WORK nolist nodetails; 
    delete R1 R2 R3 dtmp1 dtmp2 dtmp3 WAMtmp areatmp; 
  run; 
  quit; 
%MEND SIM_HITSBYPROCESS;��
��
H.30:  SIM_NOTIFICATION 
��
** SIM_NOTIFICATION 
** Macro to turn on or off log notes and message based 
** on log flag, and write a note to the simlog file  
**  
** Called from: 
**   EVERYWHERE...... 
** 
** Macro calls: 
**   n/a 
** 
** Variables: 
**   lognote => message that is written to the simlog file 
**   logflag => 1 to turn off future log window output 
**              0 to turn on output to log window 
**              2 to ABORT simulation after writing to simlog 
**     
**         
**;  
%MACRO SIM_NOTIFICATION(lognote=missing note,logflag=); 
  %if  &logflag= 1 %then  %do; 
    options nosource nonotes; 
 ods results off; 
  %end; 
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  %else  %do; 
    options source notes; 
 ods results on; 
  %end; 
  %let  simtime= %sysfunc (time(), time.); 
  %let  simdate= %sysfunc (date(), date9.); 
  %if  %sysfunc (exist(SIMDATA.simlog)) %then  
    %put  &lognote; 
  %else  %do; 
    Data SIMDATA.simlog (keep=ID simdate simtime lognote); 
     format simdate simtime $12.  lognote $80. ; 
   id= 1; 
      simdate=SYMGET( 'simdate' ); 
   simtime=SYMGET( 'simtime' ); 
   lognote= 'SIMDATA.simlog create' ; 
 run; 
    %put  &lognote; 
  %end; 
  Data SIMDATA.simlog; 
    Set SIMDATA.simlog end=eof; 
 output; 
    if eof then do; 
      simdate=SYMGET( 'simdate' ); 
   simtime=SYMGET( 'simtime' ); 
   lognote=SYMGET( 'lognote' ); 
   id=_N_+ 1; 
   output; 
 end; 
  run; 
  %if  &logflag= 2 %then  %do; 
    %ABORT; 
  %end; 
%MEND SIM_NOTIFICATION; ��
��
H.31:  SIM_PREGRAPH 
��
** SIM_PREGRAPH 
** Macro to read SIMDATA.Sel-TBL file, create new file 
**   called Sel_GPH in a format that can be used by 
**   PROC GPLOT 
**   
**  
** Called from: 
**   SIM_STDANALYSIS 
** 
** Macro calls: 
**   n/a 
** 
** Variables: 
**    simID => simulation ID 
**    libname => library storing fname file (i.e. Sel_TBL) 
**    fname => file containing data for Sel_GPH 
**         
**;  
%MACRO SIM_PREGRAPH(simID,libname,fname); 
  ** 
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  **  build Sel_GPH file 
  **;  
  Data & libname. .S el_GPH (Keep=SimID method item); 
    Set & libname. . &fname ; 
 format SimID $char12. ; 
 SimID=symget( 'simID' ); 
    If Q1> 0 then do; 
   do i= 1 to Q1; 
     method=ID;  item= 1;  output; 
   end; 
 end; 
    If Q2> 0 then do; 
   do i= 1 to Q2; 
     method=ID;  item= 2;  output; 
   end; 
 end; 
    If Q3> 0 then do; 
   do i= 1 to Q3; 
     method=ID;  item= 3;  output; 
   end; 
 end; 
    If Q4> 0 then do; 
   do i= 1 to Q4; 
     method=ID;  item= 4;  output; 
   end; 
 end; 
    If Q5> 0 then do; 
   do i= 1 to Q5; 
     method=ID;  item= 5;  output; 
   end; 
 end; 
    If Q6> 0 then do; 
   do i= 1 to Q6; 
     method=ID;  item= 6;  output; 
   end; 
 end; 
    If Q7> 0 then do; 
   do i= 1 to Q7; 
     method=ID;  item= 7;  output; 
   end; 
 end; 
    If Q8> 0 then do; 
   do i= 1 to Q8; 
     method=ID;  item= 8;  output; 
   end; 
 end; 
    If Q9> 0 then do; 
   do i= 1 to Q9; 
     method=ID;  item= 9;  output; 
   end; 
 end; 
    If Q10> 0 then do; 
   do i= 1 to Q10; 
     method=ID;  item= 10;  output; 
   end; 
 end; 
  run; 
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%MEND SIM_PREGRAPH;��
��
H.32:  SIM_RESULTS 
��
** SIM_RESULTS 
** Macro to combine analysis from results files into a single file 
** for review and call macros to print graphs 
**  
**  
** Called from: 
**   SIM_CONTROLLER 
** 
** Macro calls: 
**   SIM_HITSBYPROCESS 
**   SIM_STDERRORS 
**   SIM_STDANALYSIS 
**   SIM_GRAPH 
** 
** Variables: 
**    simID => ID identifying the particular simulation 
**    logflag => 1 to turn off generic log notifications 
**    dblib => library containing files hit cout files 
**    areafile => file containing area values for IIC curves 
**    wamfile => file containing WAM values 
**    mhfile => file containing selection values from MH analysis 
**         
**;  
%MACRO SIM_RESULTS(simID,dblib,areafile,wamfile,mhfile,logflag); 
  **;  
  % SIM_NOTIFICATION (lognote= SIM_RESULTS -- WAM and SE 
Report,logflag=&logflag) 
  ** 
  **  create simvalid data set to identifiy successful simulations;  
  **;  
  Data SIMDATA.simvalid (keep = sim Good); 
    Set SIMDATA.Area_sim (rename=(A1a=Good)); 
  run; 
  Data SIMDATA.simvalid; 
    Set SIMDATA.simvalid ; 
 if Good GT 0 then Good = 1; else Good = 0; 
  run; 
  **  Call macro to calculate number of times each item was selected 
  **  for potential DIF (creates Results file) 
  **;  
  % SIM_HITSBYPROCESS(&simID,&dblib,&areafile,&wamfile,&mhfile) 
  ** 
  **   next, review WAM and standard errors 
  **;  
  % SIM_STDERRORS(ERRDATA,SIMDATA) 
  ** 
  **   finish with analyses 
  **;  
  % SIM_NOTIFICATION (lognote= SIM_RESULTS --  --  Graphics 
Creation,logflag=&logflag) 
  **;  
  ods results on;  **  force results window to on  **;  
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  **;  
  % SIM_STDANALYSIS(&simID,SIMDATA,estimates,&mhfile,&areafile,&wamfile) 
  **;  
  ods html; 
  % SIM_GRAPH(&simID) 
  ** 
  **  create table using Area_vs_wam_vs_MH dataset 
  **;  
  **   NOTE -- hard coded for item #4;  
  **;  
  Data SIMDATA.Area_vs_wam_vs_MH; 
    Merge SIMDATA.Area_vs_wam_vs_MH SIMDATA.simvalid; 
 by sim; 
  run; 
  Data SIMDATA.Area_vs_wam_vs_MH; 
    Set SIMDATA.Area_vs_wam_vs_MH; 
 where Good = 1;               ** select only valid simulations;  
    if area= 4 and wam= 4 and MH_hit= 1 
   then Correct = 'AREA WAM MH' ; 
 else 
   if area= 4 and wam= 4 then Correct = 'AREA WAM' ; 
   else 
     if area= 4 and MH_hit= 1 then Correct = 'AREA MH' ; 
  else 
    if wam= 4 and MH_hit= 1 then Correct = 'WAM MH' ; 
    else  
            if area= 4 then Correct = 'AREA' ; 
            else 
              if wam= 4 then Correct = 'WAM' ; 
              else if MH_hit= 1 then Correct = 'MH' ; 
                   else Correct = 'nobody' ; 
    if area NE 4 and wam NE 4 and MH_misses GT 0 
   then Wrong = 'AREA WAM MH' ; 
 else 
   if area NE 4 and wam NE 4 then Wrong = 'AREA WAM' ; 
   else 
     if area NE 4 and MH_misses GT 0 then Wrong = 'AREA MH' ; 
  else 
    if wam NE 4 and MH_misses GT 0 then Wrong = 'WAM MH' ; 
    else  
            if area NE 4 then Wrong = 'AREA' ; 
            else 
              if wam NE 4 then Wrong = 'WAM' ; 
              else if MH_misses GT 0 then Wrong = 'MH' ; 
                   else Wrong = 'nobody' ; 
  run; 
  ods results on; 
  title  "Comparison of AREA, WAM, and MH - SIM &simid." ; 
  title2 ' (Correct and Incorrect Identification Patterns) ' ; 
  Proc freq Data=SIMDATA.Area_vs_wam_vs_MH; 
    tables Correct Wrong; 
  run; 
  title  "Number of valid and failed simulations - SIM &simid." ; 
  Proc freq Data=SIMDATA.simvalid; 
    format good f_yesno. ; 
    tables Good; 
  run; 
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  ** 
  **  Table considering MH is Right 
  **;  
  Data SIMDATA.MH_correct_vs_AREA_WAM (keep=sim MH_items); 
    set SIMDATA.Mh_sim; 
 format MH_items $15.  t1-t11 $2. ; 
 sim=_n_; 
 t11= ' .' ; 
 if Q1=1 then t1= 1; else t1= ' ' ; if Q2= 1 then t2= 2; else t2= ' ' ; 
 if Q3=1 then t3= 3; else t3= ' ' ; if Q4= 1 then t4= 4; else t4= ' ' ; 
 if Q5=1 then t5= 5; else t5= ' ' ; if Q6= 1 then t6= 6; else t6= ' ' ; 
 if Q7=1 then t7= 7; else t7= ' ' ; if Q8= 1 then t8= 8; else t8= ' ' ; 
 if Q9=1 then t9= 9; else t9= ' ' ; if Q10= 1 then t10= 10; else t10= ' ' ; 
    MH_items = catx( " " ,of t1-t11); 
  run; 
  Data SIMDATA.MH_correct_vs_AREA_WAM (keep=sim simID area wam MH_items 
Good); 
    Merge SIMDATA.Area_vs_wam_vs_MH SIMDATA.MH_correct_vs_AREA_WAM; 
 by sim; 
  run; 
  Data SIMDATA.MH_correct_vs_AREA_WAM (keep = sim simID area wam 
       Good MH_items Matched MH_hits WAM_matched); 
    set SIMDATA.MH_correct_vs_AREA_WAM; 
 where Good EQ 1; 
 length m1 m2 $4.  Matched $15. ; 
 tmp1=put(area, 2. ); tmp2=put(wam, 2. ); 
    ptr1=indexw(MH_items,tmp1);  ptr2=indexw(MH_items,tmp2); 
 if ptr1 GT 0 then m1= 'AREA' ; else m1= ' ' ; 
 if ptr2 GT 0 then do; 
      m2= 'WAM' ;  
      WAM_matched = 1; 
    end; 
    else do; 
      m2= ' ' ; 
      WAM_matched = 0; 
 end; 
    Matched = catx( " " ,of m1 m2); 
 MH_hits=countw(MH_items, ' ' )- 1; 
 if Matched = " "  and MH_hits GT 0 then Matched = "Hit Not Matched" ; 
  run; 
  Data SIMDATA.MH_correct_vs_AREA_WAM; 
    Merge SIMDATA.MH_correct_vs_AREA_WAM SIMDATA.Wam_sim; 
 by sim; 
  run; 
  Data SIMDATA.MH_correct_vs_AREA_WAM (keep = sim simID area wam 
       Good MH_items Matched MH_hits WAM_matched WAM_value); 
    set SIMDATA.MH_correct_vs_AREA_WAM; 
 if wam=1 then WAM_value=W1a; if wam= 2 then WAM_value=W2a; 
 if wam=3 then WAM_value=W3a; if wam= 4 then WAM_value=W4a; 
 if wam=5 then WAM_value=W5a; if wam= 6 then WAM_value=W6a; 
 if wam=7 then WAM_value=W7a; if wam= 8 then WAM_value=W8a; 
 if wam=9 then WAM_value=W9a; if wam= 10 then WAM_value=W10a; 
  run; 
  title  "Assuming MH is correct, comparing AREA and WAM - SIM &simid." ; 
  title2 ' (Correct and Incorrect Identification Patterns) ' ; 
  Proc freq Data=SIMDATA.MH_correct_vs_AREA_WAM; 
    tables Matched; 
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  run; 
  title  "Assuming MH is correct, WAM Value Descriptives - SIM &simid." ; 
  title2 ' (comparing matched and unmatched values) ' ; 
  proc means Data=SIMDATA.MH_correct_vs_AREA_WAM; 
    var WAM_value; 
    format WAM_matched f_yesno. ; 
    class WAM_matched; 
  run; 
  title " " ; 
%MEND SIM_RESULTS; ��
��
H.33:  SIM_SEMISSING 
��
** SIM_SEMISSING 
** Macro to conduct the analysis on missing estimates  
**  due to inability to find global maximum in 
**  NLMIXED routine 
**   
**  
** Called from: 
**   SIM_STDANALYSIS 
** 
** Macro calls: 
**   n/a 
** 
** Variables: 
**    simID => ID identifying the particular simulation 
**      (add to results files to assist in comparing across sim runs) 
**    libname => library containing files to review 
**    estfile => file containing paramters estimates 
**         
**;  
%MACRO SIM_SEMISSING(simID,libname,estfile); 
  ** 
  **   conduct missingness analysis on standard error estimates 
  **;  
  Data work.se1 (keep=grp item); 
    Set simdata.estimates; 
 length item $ 4; 
 grp= 1; 
 if g1ae1= .  then do; item= 'a01' ; output; end; 
 if g1ae2= .  then do; item= 'a02' ; output; end; 
 if g1ae3= .  then do; item= 'a03' ; output; end; 
 if g1ae4= .  then do; item= 'a04' ; output; end; 
 if g1ae5= .  then do; item= 'a05' ; output; end; 
 if g1ae6= .  then do; item= 'a06' ; output; end; 
 if g1ae7= .  then do; item= 'a07' ; output; end; 
 if g1ae8= .  then do; item= 'a08' ; output; end; 
 if g1ae9= .  then do; item= 'a09' ; output; end; 
 if g1ae10= .  then do; item= 'a10' ; output; end; 
 grp= 2; 
 if g2ae1= .  then do; item= 'a01' ; output; end; 
 if g2ae2= .  then do; item= 'a02' ; output; end; 
 if g2ae3= .  then do; item= 'a03' ; output; end; 
 if g2ae4= .  then do; item= 'a04' ; output; end; 
 if g2ae5= .  then do; item= 'a05' ; output; end; 



   

251 
 

 if g2ae6= .  then do; item= 'a06' ; output; end; 
 if g2ae7= .  then do; item= 'a07' ; output; end; 
 if g2ae8= .  then do; item= 'a08' ; output; end; 
 if g2ae9= .  then do; item= 'a09' ; output; end; 
 if g2ae10= .  then do; item= 'a10' ; output; end; 
 grp= 1; 
 if g1be1= .  then do; item= 'b01' ; output; end; 
 if g1be2= .  then do; item= 'b02' ; output; end; 
 if g1be3= .  then do; item= 'b03' ; output; end; 
 if g1be4= .  then do; item= 'b04' ; output; end; 
 if g1be5= .  then do; item= 'b05' ; output; end; 
 if g1be6= .  then do; item= 'b06' ; output; end; 
 if g1be7= .  then do; item= 'b07' ; output; end; 
 if g1be8= .  then do; item= 'b08' ; output; end; 
 if g1be9= .  then do; item= 'b09' ; output; end; 
 if g1be10= .  then do; item= 'b10' ; output; end; 
 grp= 2; 
 if g2be1= .  then do; item= 'b01' ; output; end; 
 if g2be2= .  then do; item= 'b02' ; output; end; 
 if g2be3= .  then do; item= 'b03' ; output; end; 
 if g2be4= .  then do; item= 'b04' ; output; end; 
 if g2be5= .  then do; item= 'b05' ; output; end; 
 if g2be6= .  then do; item= 'b06' ; output; end; 
 if g2be7= .  then do; item= 'b07' ; output; end; 
 if g2be8= .  then do; item= 'b08' ; output; end; 
 if g2be9= .  then do; item= 'b09' ; output; end; 
 if g2be10= .  then do; item= 'b10' ; output; end; 
  run; 
  ODS HTML; 
  Title1 "Missing StdErr Estimates from Analysis Routine" ; 
  Title2 "SimID = &simID" ; 
  Proc gchart data=WORK.se1; 
    vbar3d item / group=grp autoref discrete patternid=midpoint; 
    label item= 'Identified Item'  grp= '< = Group' ; 
  run; 
  quit; 
  ODS HTML CLOSE; 
%MEND SIM_SEMISSING; ��
��
H.34:  SIM_STDANALYSIS 
��
** SIM_STDANALYSIS 
** Macro to conduct the analysis on the estimates of  
**  the combined sim runs and the item ranking with  
**  MH, area, and WAM estimates 
**   
**  
** Called from: 
**   SIM_RESULTS 
** 
** Macro calls: 
**   SIM_SELECTED 
**   SIM_PREGRAPH 
**   SIM_UNIVARIATE 
**   SIM_SEMISSING 
** 
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** Variables: 
**    simID => ID identifying the particular simulation 
**      (add to results files to assist in comparing across sim runs) 
**    libname => library containing files to review 
**    estfile => file containing paramters estimates 
**    mhfile => file containing MH item selections 
**    areafile => file containing area between curves  
**                  estimates 
**    wamfile => file containing WAM estimates 
**         
**;  
%MACRO SIM_STDANALYSIS(simID,libname,estfile,mhfile,areafile,wamfile); 
  ** 
  ** Call SIM_STDSELECTED to create "Sel_TBL" file for a SIM report 
  **;  
  % SIM_STDSELECTED(&libname,&mhfile,&areafile,&wamfile) 
  ** 
  **  create histogram with Sel_TBL data file 
  **;  
  % SIM_PREGRAPH(&simID,&libname,Sel_TBL); 
  **;  
  Options dtreset pageno= 1; 
  footnote; 
  ODS HTML; 
  goptions reset=all; 
  Title1 "Item Selection Frequency by Method:  SimID = &simID" ; 
  Title2 " MH by significance, WAM and Area by largest area value" ; 
  Proc sgpanel data=SIMDATA.Sel_GPH; 
    panelby method / layout=columnlattice onepanel; 
    vbar item / response=item  
                group=method  
                groupdisplay=cluster 
                stat=freq; 
    label method= 'Method => ' ; 
  run; 
  quit; 
  ** 
  **  create box and whiskers for WAM and area values 
  **;  
  Data work.est1 (keep=item score method); 
    set SIMDATA.Estimates; 
 length method $ 4; 
 method= 'WAM' ; 
    score=W1a; item= 1; output;  score=W2a; item= 2; output; 
    score=W3a; item= 3; output;  score=W4a; item= 4; output; 
    score=W5a; item= 5; output;  score=W6a; item= 6; output; 
    score=W7a; item= 7; output;  score=W8a; item= 8; output; 
    score=W9a; item= 9; output;  score=W10a; item= 10; output; 
  run; 
  Data work.est2 (keep=item score method); 
    set SIMDATA.Area_sim; 
 method= 'Area' ; 
    score=A1a; item= 1; output;  score=A2a; item= 2; output; 
    score=A3a; item= 3; output;  score=A4a; item= 4; output; 
    score=A5a; item= 5; output;  score=A6a; item= 6; output; 
    score=A7a; item= 7; output;  score=A8a; item= 8; output; 
    score=A9a; item= 9; output;  score=A10a; item= 10; output; 
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  run; 
  data SIMDATA.boxvals; 
    set WORK.est1 WORK.est2; 
  run; 
  Title1 "Box & Whiskers Plot of Estimated WAM Values, SimID = &simID" ; 
  Title2 "25-75th percentile with median indicator" ; 
  symbol interpol=boxt20 /* box plot              */  
       co=blue           /* box and whisker color */  
       bwidth= 4          /* box width             */  
       value=square      /* plot symbol           */  
       cv=red            /* plot symbol color     */  
       height= 2;         /* symbol height         */  
  axis1 label=none 
      value=(t= 1 "Q1"  t= 2 "Q2"  t= 3 "Q3"   
             t= 4 "Q4"  t= 5 "Q5"  t= 6 "Q6"   
             t= 7 "Q7"  t= 8 "Q8"  t= 9 "Q9"   
             t= 10 "Q10" ) offset=( 5, 5); 
  proc sgplot data=SIMDATA.boxvals; 
    where method= "WAM"; 
    vbox score / category=item; 
  run; 
  Title1 "Box & Whiskers Plot of Estimated AREA Values, SimID = &simID " ; 
  Title2 "25-75th percentile with median indicator" ; 
  proc sgplot data=SIMDATA.boxvals; 
    where method= "Area" ; 
    vbox score / category=item; 
  run; 
  ODS HTML CLOSE; 
  ** 
  **   conduct univariate analysis on each estimate 
  **;  
  % SIM_UNIVARIATE(&simID,&libname,&estfile) 
  ** 
  **   conduct missingness analysis on standard error estimates 
  **;  
  % SIM_SEMISSING(&simID,&libname,&estfile) 
  **;  
  Title; 
  Footnote; 
%MEND SIM_STDANALYSIS; ��
��
H.35:  SIM_STDERRORS 
��
** SIM_STDERRORS 
** Macro to build file that will allow the review of 
** standard errors for estimated parameters. Resulting 
** file name is SIMDATA.estimates 
**   
**  
** Called from: 
**   SIM_RESULTS 
** 
** Macro calls: 
**   SIM_STDTRANSPOSE 
** 
** Variables: 
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**    errlib => library storing files that contain parm estimates and std 
errors 
**    wamlib => libaray storing files that contain WAM values 
**         
**;  
%MACRO SIM_STDERRORS(errlib, wamlib); 
  ** 
  ** NOTE: file structure is partially hardcoded as well 
  **        as file names - future code enhancement   
  ** 
  **   get list of files in library and store in fnum# 
  **;  
  PROC datasets library=&errlib memtype=data nodetails; 
    contents out=WORK.temp1(keep=memname) data=_all_ noprint; 
  run; 
  Data _null_; 
    set WORK.temp1 end=final; 
      by memname notsorted; 
    if last.memname; 
      n+ 1; 
      call symput( 'fname' ||left(put(n, 8. )),trim(memname)); 
      if final then call symput( 'fnum' ,put(n, 8. )); 
  run; 
  %let  cnt= %eval (&fnum/2); 
  ** 
  **  use proc transpose to rearrange values for each record 
  **;  
  %do i= 1 %to &cnt; 
    % SIM_STDTRANSPOSE(&errlib,&i,casef&i,ctrlf&i) 
  %end; 
  **  merge vals# files created by SIM_STDTRANSPOSE;  
  Data SIMDATA.estimates; 
    SET WORK.vals1; 
  run; 
  %do i= 2 %to &cnt; 
    DATA SIMDATA.estimates; 
   SET SIMDATA.estimates WORK.vals&i; 
 run; 
  %end; 
  ** rename columns;  
  Data SIMDATA.estimates (rename=(aa1=g1a1 aa2=g1a2 aa3=g1a3 aa4=g1a4 
       aa5=g1a5 aa6=g1a6 aa7=g1a7 aa8=g1a8 aa9=g1a9 aa10=g1a10 aa11=g1b1 
          aa12=g1b2 aa13=g1b3 aa14=g1b4 aa15=g1b5 aa16=g1b6 aa17=g1b7 
    aa18=g1b8 aa19=g1b9 aa20=g1b10 aa21=g1s2u 
    bb1=g1ae1 bb2=g1ae2 bb3=g1ae3 bb4=g1ae4 bb5=g1ae5 bb6=g1ae6 
bb7=g1ae7 
          bb8=g1ae8 bb9=g1ae9 bb10=g1ae10 bb11=g1be1 bb12=g1be2 bb13=g1be3 
bb14=g1be4 
          bb15=g1be5 bb16=g1be6 bb17=g1be7 bb18=g1be8 bb19=g1be9 bb20=g1be10 
bb21=g1s2ue 
          cc1=g2a1 cc2=g2a2 cc3=g2a3 cc4=g2a4 
       cc5=g2a5 cc6=g2a6 cc7=g2a7 cc8=g2a8 cc9=g2a9 cc10=g2a10 cc11=g2b1 
          cc12=g2b2 cc13=g2b3 cc14=g2b4 cc15=g2b5 cc16=g2b6 cc17=g2b7 
    cc18=g2b8 cc19=g2b9 cc20=g2b10 cc21=g2s2u 
    dd1=g2ae1 dd2=g2ae2 dd3=g2ae3 dd4=g2ae4 dd5=g2ae5 dd6=g2ae6 
dd7=g2ae7 
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          dd8=g2ae8 dd9=g2ae9 dd10=g2ae10 dd11=g2be1 dd12=g2be2 dd13=g2be3 
dd14=g2be4 
          dd15=g2be5 dd16=g2be6 dd17=g2be7 dd18=g2be8 dd19=g2be9 dd20=g2be10 
dd21=g2s2ue)); 
    SET SIMDATA.estimates ; 
  run; 
  **  merge with WAM values;  
  Data WORK.Wam_sim; 
    SET & wamlib. .Wam_sim; 
 ID=_N_; 
  run; 
  Data SIMDATA.estimates; 
    MERGE SIMDATA.estimates WORK.wam_sim; 
 by ID; 
  run; 
  **   cleanup;  
  PROC datasets library=WORK nolist nodetails; 
    %do i= 1 %to &cnt; 
   delete vals&i; 
 %end; 
  run; 
%MEND SIM_STDERRORS;��
��
H.36:  SIM_STDSELECTED 
��
** SIM_STDSELECTED 
** Macro to conduct the analysis the number of times each of the  
** items were selected by each method 
**   
**  
** Called from: 
**   SIM_STDANALYSIS 
** 
** Macro calls: 
**   n/a 
** 
** Variables: 
**    simID => ID identifying the particular simulation 
**      (add to results files to assist in comparing across sim runs) 
**    libname => library containing files to review 
**    mhfile => file containing MH item selections 
**    areafile => file containing area between curves  
**                  estimates 
**    wamfile => file containing WAM estimates 
**         
**;  
%MACRO SIM_STDSELECTED(libname,mhfile,areafile,wamfile); 
** 
** Create "Sel_TBL" file that contains counts of selected items from  
**   running MH, area, and WAM 
**;  
  %let  qcnt1=0;  %let  qcnt2=0;  %let  qcnt3=0; 
  %let  qcnt4=0;  %let  qcnt5=0;  %let  qcnt6=0; 
  %let  qcnt7=0;  %let  qcnt8=0;  %let  qcnt9=0; 
  %let  qcnt10=0; 
  Data _NULL_; 



   

256 
 

    set & libname. . &mhfile end=eof; 
    call symputx( 'q1_' ||left(_n_),q1); 
    call symputx( 'q2_' ||left(_n_),q2); 
    call symputx( 'q3_' ||left(_n_),q3); 
    call symputx( 'q4_' ||left(_n_),q4); 
    call symputx( 'q5_' ||left(_n_),q5); 
    call symputx( 'q6_' ||left(_n_),q6); 
    call symputx( 'q7_' ||left(_n_),q7); 
    call symputx( 'q8_' ||left(_n_),q8); 
    call symputx( 'q9_' ||left(_n_),q9); 
    call symputx( 'q10_' ||left(_n_),q10); 
 if eof= 1 then call symputx( 'fcnt' ,_n_); 
  run; 
  %do i= 1 %to &fcnt; 
    %let  qcnt1= %eval (&qcnt1+&&q1_&i); 
    %let  qcnt2= %eval (&qcnt2+&&q2_&i); 
    %let  qcnt3= %eval (&qcnt3+&&q3_&i); 
    %let  qcnt4= %eval (&qcnt4+&&q4_&i); 
    %let  qcnt5= %eval (&qcnt5+&&q5_&i); 
    %let  qcnt6= %eval (&qcnt6+&&q6_&i); 
    %let  qcnt7= %eval (&qcnt7+&&q7_&i); 
    %let  qcnt8= %eval (&qcnt8+&&q8_&i); 
    %let  qcnt9= %eval (&qcnt9+&&q9_&i); 
    %let  qcnt10= %eval (&qcnt10+&&q10_&i); 
  %end; 
  Data WORK.S1 (KEEP=ID Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9 Q10); 
    Length ID $ 4;  ID = 'MH' ; 
    Q1 = SYMGETn( 'qcnt1' );  Q2 = SYMGETn( 'qcnt2' ); 
    Q3 = SYMGETn( 'qcnt3' );  Q4 = SYMGETn( 'qcnt4' ); 
    Q5 = SYMGETn( 'qcnt5' );  Q6 = SYMGETn( 'qcnt6' ); 
    Q7 = SYMGETn( 'qcnt7' );  Q8 = SYMGETn( 'qcnt8' ); 
    Q9 = SYMGETn( 'qcnt9' );  Q10 = SYMGETn( 'qcnt10' ); 
  run; 
  ** 
  **   now add area info. 
  **;  
  %let  qcnt1=0;  %let  qcnt2=0;  %let  qcnt3=0; 
  %let  qcnt4=0;  %let  qcnt5=0;  %let  qcnt6=0; 
  %let  qcnt7=0;  %let  qcnt8=0;  %let  qcnt9=0; 
  %let  qcnt10=0; 
  Data _NULL_; 
    set & libname. . &areafile end=eof; 
    call symputx( 'q1_' ||left(_n_),A1a); 
    call symputx( 'q2_' ||left(_n_),A2a); 
    call symputx( 'q3_' ||left(_n_),A3a); 
    call symputx( 'q4_' ||left(_n_),A4a); 
    call symputx( 'q5_' ||left(_n_),A5a); 
    call symputx( 'q6_' ||left(_n_),A6a); 
    call symputx( 'q7_' ||left(_n_),A7a); 
    call symputx( 'q8_' ||left(_n_),A8a); 
    call symputx( 'q9_' ||left(_n_),A9a); 
    call symputx( 'q10_' ||left(_n_),A10a); 
 if eof= 1 then call symputx( 'fcnt' ,_n_); 
  run; 
  %do i= 1 %to &fcnt; 
    %let  ptr=1; 
 %let  maxval=&&q1_&i; 
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 %do j= 2 %to 10; 
      %if  %sysevalf (&maxval LT &&q&j._&i) %then  %do; 
        %let  maxval=&&q&j._&i;  
        %let  ptr=&j; 
      %end;  
 %end; 
    %let  qcnt&ptr= %eval (&&qcnt&ptr+1); 
  %end; 
  Data WORK.S2 (KEEP=ID Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9 Q10); 
    Length ID $ 4;  ID = 'area' ; 
    Q1 = SYMGETn( 'qcnt1' );  Q2 = SYMGETn( 'qcnt2' ); 
    Q3 = SYMGETn( 'qcnt3' );  Q4 = SYMGETn( 'qcnt4' ); 
    Q5 = SYMGETn( 'qcnt5' );  Q6 = SYMGETn( 'qcnt6' ); 
    Q7 = SYMGETn( 'qcnt7' );  Q8 = SYMGETn( 'qcnt8' ); 
    Q9 = SYMGETn( 'qcnt9' );  Q10 = SYMGETn( 'qcnt10' ); 
  run; 
  ** 
  **   now add WAM info. 
  **;  
  %let  qcnt1=0;  %let  qcnt2=0;  %let  qcnt3=0; 
  %let  qcnt4=0;  %let  qcnt5=0;  %let  qcnt6=0; 
  %let  qcnt7=0;  %let  qcnt8=0;  %let  qcnt9=0; 
  %let  qcnt10=0; 
  Data _NULL_; 
    set & libname. . &wamfile end=eof; 
    call symputx( 'q1_' ||left(_n_),W1a); 
    call symputx( 'q2_' ||left(_n_),W2a); 
    call symputx( 'q3_' ||left(_n_),W3a); 
    call symputx( 'q4_' ||left(_n_),W4a); 
    call symputx( 'q5_' ||left(_n_),W5a); 
    call symputx( 'q6_' ||left(_n_),W6a); 
    call symputx( 'q7_' ||left(_n_),W7a); 
    call symputx( 'q8_' ||left(_n_),W8a); 
    call symputx( 'q9_' ||left(_n_),W9a); 
    call symputx( 'q10_' ||left(_n_),W10a); 
 if eof= 1 then call symputx( 'fcnt' ,_n_); 
  run; 
  %do i= 1 %to &fcnt; 
    %let  ptr=1; 
 %let  maxval=&&q1_&i; 
 %do j= 2 %to 10; 
      %if  %sysevalf (&maxval LT &&q&j._&i) %then  %do; 
       %let  maxval=&&q&j._&i;  
        %let  ptr=&j; 
      %end;  
 %end; 
    %let  qcnt&ptr= %eval (&&qcnt&ptr+1); 
  %end; 
  Data WORK.S3 (KEEP=ID Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9 Q10); 
    Length ID $ 4;  ID = 'WAM' ; 
    Q1 = SYMGETn( 'qcnt1' );  Q2 = SYMGETn( 'qcnt2' ); 
    Q3 = SYMGETn( 'qcnt3' );  Q4 = SYMGETn( 'qcnt4' ); 
    Q5 = SYMGETn( 'qcnt5' );  Q6 = SYMGETn( 'qcnt6' ); 
    Q7 = SYMGETn( 'qcnt7' );  Q8 = SYMGETn( 'qcnt8' ); 
    Q9 = SYMGETn( 'qcnt9' );  Q10 = SYMGETn( 'qcnt10' ); 
  run; 
  ** 
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  **   now merge files 
  **;  
  Data & libname. .S el_TBL; 
    Set WORK.S1 WORK.S2 WORK.S3; 
  run; 
  **   cleanup;  
  PROC datasets library=WORK nolist nodetails; 
    delete S1 S2 S3; 
  run; 
%MEND SIM_STDSELECTED;��
��
H.37:  SIM_STDTRANSPOSE 
��
** SIM_STDTRANSPOSE 
** Macro to transpose estimates and standard errors into 
**   a single row 
**   
**  
** Called from: 
**   SIM_STDERRORS 
** 
** Macro calls: 
**   n/a 
** 
** Variables: 
**    errlib => library storing files that contain parm estimates and std 
errors 
**    ptr => file counter used to indicate sim run 
**    casefile => case file in sim run 
**    ctrlfile => control file in sim run 
**         
**;  
%MACRO SIM_STDTRANSPOSE(errlib,ptr,casefile,ctrlfile); 
  Data WORK.temp1; 
    Set & errlib. . &casefile; 
      ID=&ptr; 
    Run; 
  Data WORK.temp2; 
    Set & errlib. . &ctrlfile; 
    ID=&ptr; 
  Run; 
  Proc transpose data=WORK.temp1 out=WORK.parm1 (DROP=_NAME_) prefix=aa; 
    by ID; 
    var estimate; 
  run; 
  Proc transpose data=WORK.temp1 out=WORK.err1 (DROP=_NAME_) prefix=bb; 
    by ID; 
    var StandardError; 
  run; 
  Proc transpose data=WORK.temp2 out=WORK.parm2 (DROP=_NAME_) prefix=cc; 
    by ID; 
    var estimate; 
  run; 
  Proc transpose data=WORK.temp2 out=WORK.err2 (DROP=_NAME_) prefix=dd; 
    by ID; 
    var StandardError; 
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  run; 
  Data WORK.vals&ptr; 
    merge WORK.parm1 WORK.err1 WORK.parm2 WORK.err2; 
 by ID; 
  run; 
  **    cleanup;  
  PROC datasets library=WORK nolist nodetails; 
 delete parm1 parm2 err1 err2 temp1 temp2; 
  run; 
%MEND SIM_STDTRANSPOSE;��
��
H.38:  SIM_UNIVARIATE 
��
** SIM_UNIVARIATE 
** Macro to conduct univariate analysis on the 
**   estimated parameters in the Estimates SIM file 
**   
**  
** Called from: 
**   SIM_STDANALYSIS 
** 
** Macro calls: 
**   n/a 
** 
** Variables: 
**    simID => ID identifying the particular simulation 
**      (add to results files to assist in comparing across sim runs) 
**    libname => library containing files to review 
**    efile => file containing paramters estimates 
**         
**;  
%MACRO SIM_UNIVARIATE(simID,libname,efile); 
** 
**   conduct univariate analysis on each estimate 
**;  
  ODS HTML; 
  options nodate; 
  title1 "Discriptive Analysis of Parameter Estimate for SimID=&simID." ; 
 
  proc means data=& libname. . &efile; 
    var g1a1-g1a10; 
    Title2 'Case Group - Discrimination Estimate (g1a)' ; 
    label g1a1= 'Q1'  g1a2= 'Q2'  g1a3= 'Q3'  g1a4= 'Q4'  
          g1a5= 'Q5'  g1a6= 'Q6'  g1a7= 'Q7'  g1a8= 'Q8'   
          g1a9= 'Q9'  g1a10= 'Q10' ; 
    run; 
  proc means data=& libname. . &efile; 
    var g2a1-g2a10; 
    Title2 'Control Group - Discrimination Estimate (g2a)' ; 
    label g2a1= 'Q1'  g2a2= 'Q2'  g2a3= 'Q3'  g2a4= 'Q4'  
          g2a5= 'Q5'  g2a6= 'Q6'  g2a7= 'Q7'  g2a8= 'Q8'  
          g2a9= 'Q9'  g2a10= 'Q10' ; 
    run; 
  proc means data=& libname. . &efile; 
    var g1b1-g1b10; 
    Title2 'Case Group - Difficulty Estimate (g1b)' ; 
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    label g1b1= 'Q1'  g1b2= 'Q2'  g1b3= 'Q3'  g1b4= 'Q4'  
          g1b5= 'Q5'  g1b6= 'Q6'  g1b7= 'Q7'  g1b8= 'Q8'  
          g1b9= 'Q9'  g1b10= 'Q10' ; 
    run; 
  proc means data=& libname. . &efile; 
    var g2b1-g2b10; 
    Title2 'Control Group - Difficulty Estimate (g2b)' ; 
    label g2b1= 'Q1'  g2b2= 'Q2'  g2b3= 'Q3'  g2b4= 'Q4'  
          g2b5= 'Q5'  g2b6= 'Q6'  g2b7= 'Q7'  g2b8= 'Q8'  
          g2b9= 'Q9'  g2b10= 'Q10' ; 
    run; 
 
  proc means data=& libname. . &efile; 
    var g1ae1-g1ae10; 
    Title2 'Case Group - Discrimination Std Error Estimate (g1ae)' ; 
    label g1ae1= 'Q1'  g1ae2= 'Q2'  g1ae3= 'Q3'  
          g1ae4= 'Q4'  g1ae5= 'Q5'  g1ae6= 'Q6'  
          g1ae7= 'Q7'  g1ae8= 'Q8'  g1ae9= 'Q9'  
          g1ae10= 'Q10' ; 
    run; 
  proc means data=& libname. . &efile; 
    var g2ae1-g2ae10; 
    Title2 'Control Group - Discrimination Std Error Estimate (g2ae)' ; 
    label g2ae1= 'Q1'  g2ae2= 'Q2'  g2ae3= 'Q3'  
          g2ae4= 'Q4'  g2ae5= 'Q5'  g2ae6= 'Q6'  
          g2ae7= 'Q7'  g2ae8= 'Q8'  g2ae9= 'Q9'  
          g2ae10= 'Q10' ; 
    run; 
  proc means data=& libname. . &efile; 
    var g1be1-g1be10; 
    Title2 'Case Group - Difficulty Std Error Estimate (g1be)' ; 
    label g1be1= 'Q1'  g1be2= 'Q2'  g1be3= 'Q3'  g1be4= 'Q4'  
          g1be5= 'Q5'  g1be6= 'Q6'  g1be7= 'Q7'  g1be8= 'Q8'  
          g1be9= 'Q9'  g1be10= 'Q10' ; 
    run; 
  proc means data=& libname. . &efile; 
    var g2be1-g2be10; 
    Title2 'Control Group - Difficulty Std Error Estimate (g2be)' ; 
    label g2be1= 'Q1'  g2be2= 'Q2'  g2be3= 'Q3'  g2be4= 'Q4'  
          g2be5= 'Q5'  g2be6= 'Q6'  g2be7= 'Q7'  g2be8= 'Q8'  
          g2be9= 'Q9'  g2be10= 'Q10' ; 
    run; 
  proc means data=& libname. . &efile; 
    var W1a W2a W3a W4a W5a W6a W7a W8a 
        W9a W10a; 
    Title2 "WAM Value Estimate (WAM)" ; 
    label W1a= 'Q1'  W2a='Q2'  W3a='Q3'  W4a='Q4'  
          W5a= 'Q5'  W6a='Q6'  W7a='Q7'  W8a='Q8'  
          W9a= 'Q9'  W10a= 'Q10' ; 
    run; 
  ODS HTML CLOSE; 
  Title; 
  Footnote; 
%MEND SIM_UNIVARIATE; ��
��
H.39:  WAM_CALCULATION 
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��
** WAM_CALCULATION 
** Macro to conduct the WAM analysis. 
**  
**  
** Called from: 
**   WAM_CONTROLLER 
** 
** Macro calls: 
**   n/a 
** 
** Variables: 
**     dbpr => sim file pointer for file names 
**     casefile => library and file name of case group 
**     ctrlfile => library and file name of control group 
**         
**;  
%MACRO WAM_CALCULATION(dbptr,casefile,ctrlfile); 
** 
** calculate differences in probabilities between groups 
**;  
  %do j= 1 %to 10; 
    Data WORK.d1temp (keep = skp g1val); 
      set &casefile end=eof; 
      g1val=ITEM&j; 
    run; 
    Data WORK.d2temp (keep = skp g2val); 
      set &ctrlfile end=eof; 
      g2val=ITEM&j; 
    run; 
    Data WORK.d12temp; 
      MERGE WORK.d1temp WORK.d2temp; 
      by skp; 
    run; 
    %if  &j= 1 %then  %do; 
      Data WAMDATA.difffile&dbptr (DROP = g1val g2val); 
        set WORK.d12temp; 
        dval1 = abs(g1val - g2val); 
      run; 
    %end; 
    %else  %do; 
      Data WORK.d12temp (DROP = g1val g2val); 
        set WORK.d12temp; 
        dval&j = abs(g1val - g2val); 
      run; 
      Data WAMDATA.difffile&dbptr; 
        MERGE WAMDATA.difffile&dbptr WORK.d12temp; 
        BY skp; 
      run; 
 %end; 
  %end; 
  ** select which IIC file and values (future passed variable for 
simulation);  
/*  %let IICcase=0;  %let IICctrl=1;  %let IICavg=0;  %let IICsqr=1;*/  
  ** 
  **  get IIC values from control group,sqr them, and calc WAM value 
  **;  
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  Data WORK.itemp (keep = skp v1 v2 v3 v4 v5 v6 
                      v7 v8 v9 v10); 
    set &ctrlfile; 
    v1=IIC1; v2=IIC2; v3=IIC3; v4=IIC4; 
 v5=IIC5; v6=IIC6; v7=IIC7; v8=IIC8; 
 v9=IIC9; v10=IIC10; 
  run; 
  Data WORK.itemp; 
    MERGE WORK.itemp WAMDATA.difffile&dbptr; 
    BY skp; 
  run; 
  Data WAMDATA.W&dbptr (keep = skp W1 W2 W3 W4 W5 W6 W7 
                   W8 W9 W10); 
    set WORK.itemp; 
 W1=dval1*v1; W2=dval2*v2; W3=dval3*v3; 
    W4=dval4*v4; W5=dval5*v5; W6=dval6*v6;  
    W7=dval7*v7; W8=dval8*v8; W9=dval9*v9;  
    W10=dval10*v10; 
  run; 
  **   cleanup;  
  PROC datasets library=WORK nolist nodetails; 
 delete d1temp d2temp d12temp itemp; 
  run; 
%MEND WAM_CALCULATION;��
��
H.40:  WAM_CONTROLLER 
��
** WAM_CONTROLLER 
** Macro to manage the calling of other macros 
** to conduct the WAM analysis. 
**  
**  
** Called from: 
**   SIM_CONTROLLER 
** 
** Macro calls: 
**   WAM_CALCULATION 
**   AREA_CALCULATION 
** 
** Variables: 
**     dbcntlocal => number of file pairs to process 
**     flprecase => prefix name of case files to process 
**     flprectrl => prefix name of control files to process 
**         
**;  
%MACRO WAM_CONTROLLER(dbcntlocal,flprecase,flprectrl); 
  ** 
  ** Loop through files in PRMDATA library for WAM analysis 
  ** names of files to process (i.e. analyse and report) 
  **;  
  %let  location=CRTDATA; 
  %Do dbptr= 1 %to &dbcntlocal; 
     % WAM_CALCULATION(&dbptr,& location. . &flprecase&dbptr, 
&location. . &flprectrl&dbptr); 
  %end; 
  ** 
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  **  get area differences for comparison to WAM values 
  **;  
  % AREA_CALCULATION(&dbcntlocal,&flprecase,&flprectrl); 
  **  
  ** merge WAM data into a single file 
  **;  
  %let  location=WAMDATA; 
  %do dbptr= 1 %to &dbcntlocal; 
    PROC MEANS NOPRINT DATA=& location. .W&dbptr; 
    output out=WORK.wsum&dbptr SUM(W1 W2 W3 W4 W5 W6 W7 W8 W9 W10) 
              = W1a W2a W3a W4a W5a W6a W7a W8a W9a W10a; 
    run; 
 **  NOTE:  .005 is hard coded step from IIC;  
    DATA WORK.wsum&dbptr(DROP = _TYPE_ _FREQ_); 
   Retain sim; 
   set WORK.wsum&dbptr; 
   format sim BEST12. ; 
   sim=symget( 'dbptr' ); 
   sim=symget( 'dbptr' ); 
   W1a=W1a* 0.005 ; W2a=W2a* 0.005 ; W3a=W3a* 0.005 ; 
   W4a=W4a* 0.005 ; W5a=W5a* 0.005 ; W6a=W6a* 0.005 ; 
   W7a=W7a* 0.005 ; W8a=W8a* 0.005 ; W9a=W9a* 0.005 ; 
   W10a=W10a* 0.005 ;  
 run; 
  %end; 
  Data & location. .WAM_SIM; 
    Set WORK.wsum1; 
  run; 
  %if  &dbcntlocal> 1 %then  %do; 
    %Do i= 2 %to &dbcntlocal; 
   DATA & location. .WAM_SIM; 
     SET & location. .WAM_SIM WORK.wsum&i; 
   run; 
 %end; 
  %end; 
  Data SIMDATA.WAM_SIM; 
    Set & location. .WAM_SIM; 
  run; 
  Proc SORT Data=SIMDATA.wam_sim; 
    by sim; 
  run; 
  **   cleanup;  
  PROC datasets library=& location.  nolist nodetails; 
    delete WAM_SIM; 
  run; 
  PROC datasets library=WORK nolist nodetails; 
    %do i= 1 %to & dbcntlocal. ; 
   delete wsum& i. ; 
 %end; 
  run; 
%MEND WAM_CONTROLLER;��
��
H.41:  WAM_GRAPH 
��
** WAM_GRAPH 
** Macro to graph selected probability graphs  
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** and IIC for selected simulation and item. 
**  
**  
** Called from: 
**   SIM_GRAPH 
** 
** Macro calls: 
**   n/a 
** 
** Variables: 
**     simID => simulation ID 
**     dbcntlocal => number of SIM pairs in completed analysis 
**     casefile => library and file name of case group 
**     ctrlfile => library and file name of control group 
**     iicfile => library and file name for iic file 
**                  (if missing, default to control file) 
**         
**;  
%MACRO WAM_GRAPH(simID,casefile,ctrlfile,iicfile,fileptr,itemptr); 
** 
** compare two prob. curves - one case and one ctrl 
**;  
  %let  loc1=&casefile.&fileptr; 
  %let  loc2=&ctrlfile.&fileptr; 
  %if  &iicfile^= %then  %let  loc3=&iicfile.&fileptr; 
    %else  loc3=&loc2; 
  %let  loc4=WAMDATA.difffile&fileptr.; 
  %let  loc5=WAMDATA.W&fileptr; 
  DATA WORK.file1 (KEEP = skp G1); 
    set & loc1.  (RENAME=(ITEM&itemptr=G1)); 
  run; 
  DATA WORK.file2 (KEEP = skp G2); 
    set & loc2.  (RENAME=(ITEM&itemptr=G2)); 
  run; 
  DATA WORK.file3 (KEEP = skp G3); 
    set & loc3.  (RENAME=(IIC&itemptr=G3)); 
  run; 
  DATA WORK.file4 (KEEP = skp G4); 
    set & loc4.  (RENAME=(dval&itemptr=G4)); 
  run; 
  DATA WORK.file5 (KEEP = skp G5); 
    set & loc5.  (RENAME=(W&itemptr=G5)); 
  run; 
  DATA WORK.file; 
    MERGE WORK.file1 WORK.file2 WORK.file3 WORK.file4 WORK.file5; 
 BY skp; 
  run; 
  title " WAM, AREA, ICC, and IIC graphs for case and control files - SIM  
&simid." ; 
  title2 " for simulation &fileptr. item  &itemptr." ; 
  PROC sgplot DATA=WORK.file; 
    series x=skp y=g1 / lineattrs=(thickness= 1) curvelabel= 'case' ; 
 series x=skp y=g2 / lineattrs=(thickness= 1) curvelabel= 'ctrl' ; 
 series x=skp y=g3 / lineattrs=(thickness= 1) curvelabel= 'IIC' ; 
 series x=skp y=g4 / lineattrs=(thickness= 1) curvelabel= 'ICC diff.' ; 
 series x=skp y=g5 / lineattrs=(thickness= 1) curvelabel= 'WAM weight' ; 
  RUN;   
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  **   cleanup;  
  PROC datasets library=WORK nolist nodetails; 
 delete file1 file2 file3 file4 file5 file; 
  run; 
%MEND WAM_GRAPH; 
��
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APPENDIX I 

LOG OUTPUT FROM A COMBINATION RUN 

Appendix I contains the log from the setup of the SAS environment followed by the 

output log from one combination run.  Log entries labeled 1-11 identify the setup of the SAS 

libraries, entry 12 identifies the setup of the SAS macro location, and entries 13-17 identify a few 

SAS environment settings and a variable format for SAS output.  Next, eight NOTE messages 

that identify the SAS PROC results that cleared the SAS data libraries (i.e., folders used in a 

previous run) that where then populated by the preceding combination run.  Log entry 19 

identifies the clearing of the SAS results area.  Highlighted in yellow is the SAS macro call to 

execute the combination, and the lines that follow the SAS macro call are SAS macro put-calls 

that tracked the execution progress of the combination.  This particular log output is from the 

combination that simulated 30 respondents in the focal group and 50 respondents in the reference 

group with SMALL modeled DIF in item #4 (SIM30F50R-SMALL). 

��

��

NOTE: SAS initialization used: 

      real time           2.39 seconds 

      cpu time            1.99 seconds 

 

1    LIBNAME SIMDATA 'D:\cfs\Dissertation\SAS\Data\SIM'; 

NOTE: Libref SIMDATA was successfully assigned as follows: 

      Engine:        V9 

      Physical Name: D:\cfs\Dissertation\SAS\Data\SIM 

2    LIBNAME SASDATA 'D:\cfs\Dissertation\SAS\Data\SAS'; 

NOTE: Libref SASDATA was successfully assigned as follows: 

      Engine:        V9 

      Physical Name: D:\cfs\Dissertation\SAS\Data\SAS 

3    LIBNAME FMTDATA 'D:\cfs\Dissertation\SAS\Data\FMT'; 

NOTE: Libref FMTDATA was successfully assigned as follows: 
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      Engine:        V9 

      Physical Name: D:\cfs\Dissertation\SAS\Data\FMT 

4    LIBNAME PRMDATA 'D:\cfs\Dissertation\SAS\DATA\PRM'; 

NOTE: Libref PRMDATA was successfully assigned as follows: 

      Engine:        V9 

      Physical Name: D:\cfs\Dissertation\SAS\DATA\PRM 

5    LIBNAME ERRDATA 'D:\cfs\Dissertation\SAS\DATA\ERR'; 

NOTE: Libref ERRDATA was successfully assigned as follows: 

      Engine:        V9 

      Physical Name: D:\cfs\Dissertation\SAS\DATA\ERR 

6    LIBNAME CRTDATA 'D:\cfs\Dissertation\SAS\DATA\CRT'; 

NOTE: Libref CRTDATA was successfully assigned as follows: 

      Engine:        V9 

      Physical Name: D:\cfs\Dissertation\SAS\DATA\CRT 

7    LIBNAME WAMDATA 'D:\cfs\Dissertation\SAS\Data\WAM'; 

NOTE: Libref WAMDATA was successfully assigned as follows: 

      Engine:        V9 

      Physical Name: D:\cfs\Dissertation\SAS\Data\WAM 

8    LIBNAME MHDATA 'D:\cfs\Dissertation\SAS\Data\MH'; 

NOTE: Libref MHDATA was successfully assigned as follows: 

      Engine:        V9 

      Physical Name: D:\cfs\Dissertation\SAS\Data\MH 

9    LIBNAME LIBMAC 'D:\cfs\Dissertation\SAS\MACROS'; 

NOTE: Libref LIBMAC was successfully assigned as follows: 

      Engine:        V9 

      Physical Name: D:\cfs\Dissertation\SAS\MACROS 

10   OPTION SASMSTORE=LIBMAC; 

11   OPTION USER=WORK; 

12   FILENAME fileref 'D:\cfs\Dissertation\SAS\macros\Library'; 

13   OPTIONS MAUTOSOURCE SASAUTOS=(SASAUTOS fileref); 

14   Proc FORMAT; 

15     value f_yesno 0 = 'No' 

16                   1 = 'Yes'; 

NOTE: Format F_YESNO has been output. 

17   run; 

 

NOTE: PROCEDURE FORMAT used (Total process time): 

      real time           0.03 seconds 
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      cpu time            0.03 seconds 

 

 

18   %SIM_CLEANUP(1,1,1)  **clear data files - crt, err, fmt, etc.; 

NOTE: Writing HTML Body file: sashtml.htm 

 

 

NOTE: PROCEDURE DATASETS used (Total process time): 

      real time           3.13 seconds 

      cpu time            2.35 seconds 

 

 

 

 

NOTE: PROCEDURE DATASETS used (Total process time): 

      real time           0.02 seconds 

      cpu time            0.01 seconds 

 

 

 

 

NOTE: PROCEDURE DATASETS used (Total process time): 

      real time           0.02 seconds 

      cpu time            0.01 seconds 

 

 

 

 

NOTE: PROCEDURE DATASETS used (Total process time): 

      real time           0.02 seconds 

      cpu time            0.03 seconds 

 

 

 

 

NOTE: PROCEDURE DATASETS used (Total process time): 

      real time           0.02 seconds 

      cpu time            0.01 seconds 
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NOTE: PROCEDURE DATASETS used (Total process time): 

      real time           0.02 seconds 

      cpu time            0.01 seconds 

 

 

 

 

NOTE: PROCEDURE DATASETS used (Total process time): 

      real time           0.02 seconds 

      cpu time            0.01 seconds 

 

 

 

 

NOTE: PROCEDURE DATASETS used (Total process time): 

      real time           0.02 seconds 

      cpu time            0.01 seconds 

 

 

 

19   DM 'ODSRESULTS' CLEAR;  **clear results window; 

20   

%SIM_CONSTRUCTION(simID=SIM30A50B,simsize=small,simloc=D:\cfs\Dissertation\data\10items,logfla 

20 ! g=1,estflag=Mplus) 

Simulations Started -- SimID is SIM30A50B  Size is small 

MPLUS_SIMDATA - case/ctrl difference is small 

SIM_CONSTRUCTION -- calling simulation SIM30A50B using Mplus 

SIM_CONTROLLER -- Step One Started 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef1 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef2 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef3 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef4 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef5 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef6 
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MPLUSIRT_CONTROLLER -- Estimating parameters for casef7 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef8 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef9 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef10 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef11 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef12 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef13 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef14 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef15 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef16 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef17 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef18 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef19 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef20 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef21 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef22 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef23 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef24 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef25 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef26 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef27 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef28 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef29 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef30 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef31 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef32 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef33 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef34 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef35 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef36 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef37 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef38 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef39 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef40 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef41 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef42 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef43 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef44 
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MPLUSIRT_CONTROLLER -- Estimating parameters for casef45 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef46 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef47 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef48 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef49 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef50 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef51 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef52 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef53 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef54 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef55 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef56 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef57 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef58 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef59 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef60 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef61 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef62 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef63 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef64 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef65 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef66 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef67 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef68 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef69 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef70 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef71 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef72 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef73 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef74 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef75 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef76 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef77 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef78 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef79 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef80 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef81 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef82 
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MPLUSIRT_CONTROLLER -- Estimating parameters for casef83 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef84 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef85 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef86 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef87 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef88 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef89 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef90 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef91 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef92 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef93 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef94 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef95 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef96 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef97 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef98 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef99 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef100 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef101 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef102 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef103 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef104 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef105 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef106 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef107 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef108 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef109 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef110 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef111 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef112 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef113 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef114 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef115 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef116 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef117 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef118 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef119 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef120 
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MPLUSIRT_CONTROLLER -- Estimating parameters for casef121 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef122 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef123 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef124 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef125 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef126 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef127 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef128 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef129 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef130 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef131 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef132 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef133 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef134 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef135 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef136 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef137 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef138 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef139 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef140 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef141 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef142 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef143 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef144 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef145 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef146 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef147 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef148 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef149 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef150 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef151 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef152 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef153 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef154 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef155 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef156 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef157 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef158 
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MPLUSIRT_CONTROLLER -- Estimating parameters for casef159 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef160 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef161 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef162 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef163 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef164 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef165 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef166 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef167 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef168 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef169 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef170 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef171 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef172 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef173 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef174 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef175 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef176 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef177 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef178 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef179 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef180 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef181 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef182 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef183 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef184 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef185 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef186 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef187 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef188 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef189 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef190 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef191 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef192 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef193 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef194 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef195 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef196 
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MPLUSIRT_CONTROLLER -- Estimating parameters for casef197 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef198 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef199 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef200 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef201 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef202 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef203 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef204 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef205 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef206 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef207 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef208 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef209 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef210 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef211 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef212 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef213 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef214 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef215 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef216 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef217 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef218 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef219 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef220 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef221 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef222 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef223 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef224 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef225 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef226 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef227 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef228 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef229 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef230 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef231 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef232 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef233 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef234 
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MPLUSIRT_CONTROLLER -- Estimating parameters for casef235 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef236 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef237 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef238 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef239 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef240 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef241 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef242 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef243 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef244 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef245 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef246 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef247 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef248 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef249 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef250 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef251 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef252 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef253 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef254 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef255 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef256 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef257 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef258 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef259 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef260 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef261 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef262 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef263 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef264 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef265 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef266 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef267 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef268 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef269 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef270 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef271 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef272 
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MPLUSIRT_CONTROLLER -- Estimating parameters for casef273 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef274 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef275 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef276 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef277 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef278 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef279 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef280 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef281 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef282 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef283 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef284 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef285 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef286 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef287 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef288 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef289 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef290 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef291 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef292 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef293 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef294 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef295 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef296 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef297 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef298 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef299 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef300 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef301 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef302 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef303 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef304 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef305 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef306 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef307 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef308 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef309 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef310 
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MPLUSIRT_CONTROLLER -- Estimating parameters for casef311 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef312 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef313 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef314 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef315 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef316 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef317 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef318 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef319 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef320 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef321 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef322 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef323 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef324 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef325 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef326 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef327 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef328 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef329 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef330 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef331 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef332 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef333 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef334 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef335 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef336 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef337 

MPLUSIRT_CONTROLLER -- Estimating parameters for casef338 
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MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf253 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf254 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf255 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf256 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf257 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf258 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf259 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf260 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf261 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf262 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf263 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf264 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf265 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf266 
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MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf267 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf268 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf269 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf270 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf271 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf272 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf273 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf274 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf275 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf276 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf277 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf278 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf279 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf280 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf281 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf282 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf283 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf284 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf285 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf286 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf287 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf288 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf289 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf290 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf291 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf292 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf293 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf294 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf295 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf296 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf297 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf298 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf299 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf300 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf301 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf302 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf303 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf304 
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MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf305 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf306 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf307 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf308 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf309 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf310 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf311 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf312 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf313 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf314 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf315 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf316 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf317 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf318 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf319 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf320 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf321 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf322 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf323 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf324 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf325 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf326 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf327 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf328 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf329 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf330 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf331 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf332 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf333 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf334 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf335 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf336 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf337 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf338 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf339 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf340 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf341 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf342 
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MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf343 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf344 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf345 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf346 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf347 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf348 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf349 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf350 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf351 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf352 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf353 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf354 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf355 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf356 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf357 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf358 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf359 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf360 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf361 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf362 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf363 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf364 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf365 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf366 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf367 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf368 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf369 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf370 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf371 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf372 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf373 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf374 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf375 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf376 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf377 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf378 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf379 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf380 
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MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf381 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf382 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf383 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf384 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf385 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf386 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf387 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf388 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf389 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf390 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf391 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf392 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf393 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf394 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf395 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf396 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf397 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf398 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf399 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf400 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf401 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf402 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf403 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf404 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf405 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf406 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf407 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf408 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf409 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf410 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf411 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf412 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf413 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf414 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf415 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf416 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf417 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf418 
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MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf419 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf420 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf421 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf422 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf423 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf424 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf425 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf426 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf427 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf428 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf429 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf430 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf431 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf432 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf433 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf434 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf435 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf436 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf437 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf438 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf439 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf440 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf441 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf442 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf443 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf444 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf445 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf446 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf447 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf448 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf449 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf450 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf451 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf452 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf453 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf454 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf455 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf456 
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MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf457 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf458 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf459 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf460 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf461 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf462 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf463 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf464 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf465 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf466 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf467 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf468 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf469 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf470 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf471 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf472 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf473 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf474 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf475 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf476 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf477 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf478 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf479 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf480 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf481 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf482 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf483 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf484 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf485 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf486 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf487 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf488 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf489 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf490 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf491 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf492 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf493 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf494 
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MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf495 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf496 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf497 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf498 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf499 

MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf500 

SIM_CONTROLLER -- WAM building started 

CREATE_CONTROLLER -- Calculating P(correct) values for casef 

CREATE_CONTROLLER -- Calculating P(correct) values for ctrlf 

Calling WAM_CONTROLLER -- calculating AREA and WAM values 

SIM_CONTROLLER -- Step Two Started 

SIM_CONTROLLER -- Step Three Started 

SIM_RESULTS -- WAM and SE Report 

SIM_RESULTS --  --  Graphics Creation 

Simulations Ended => SimID=SIM30A50B ��

��

��
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APPENDIX J 

EXCEL INFORMATION FILE 

 Appendix J contains the Excel file that contains the combination information to create the Mplus code that created the 

analyzed datasets - item difficulty (b#) and discrimination (a#), number of replications (reps), randomizing seed value (seed), and 

number of focal and reference respondents (case and ctrl).  In addition, the Excel file contains information on the size of simulated 

DIF indicator (SimSize) and the item targeted for DIF (target).  For reading the tables below, the single file was divided into two parts.   

 
Table J.1:  Excel Information File (part 1 of 2) 

SimID SimSize case ctrl reps seed target a1 a2 a3 a4 a5 a6 a7 a8 a9 a10 

SIM00 small 30 100 20 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM00 medium 50 500 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM00 large 30 30 20 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM30F30R small 30 30 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM30F30R medium 30 30 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM30F30R large 30 30 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM30F50R small 30 50 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM30F50R medium 30 50 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM30F50R large 30 50 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM30F100R small 30 100 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 
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Table J.1:  Excel Information File (part 1 of 2) continued        

SimID SimSize case ctrl reps seed target a1 a2 a3 a4 a5 a6 a7 a8 a9 a10 

SIM30F100R medium 30 100 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM30F100R large 30 100 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM30F200R small 30 200 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM30F200R medium 30 200 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM30F200R large 30 200 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM30F500R small 30 500 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM30F500R medium 30 500 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM30F500R large 30 500 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM30F1000R small 30 1000 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM30F1000R medium 30 1000 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM30F1000R large 30 1000 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM50F50R small 50 50 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM50F50R medium 50 50 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM50F50R large 50 50 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM50F100R small 50 100 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM50F100R medium 50 100 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM50F100R large 50 100 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM50F200R small 50 200 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM50F200R medium 50 200 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 
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Table J.1:  Excel Information File (part 1 of 2) continued        

SimID SimSize case ctrl reps seed target a1 a2 a3 a4 a5 a6 a7 a8 a9 a10 

SIM50F200R large 50 200 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM50F500R small 50 500 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM50F500R medium 50 500 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM50F500R large 50 500 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM50F1000R small 30 1000 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM50F1000R medium 30 1000 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM50F1000R large 30 1000 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM100F100R small 100 100 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM100F100R medium 100 100 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM100F100R large 100 100 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM100F200R small 100 200 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM100F200R medium 100 200 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM100F200R large 100 200 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM100F500R small 100 500 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM100F500R medium 100 500 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM100F500R large 100 500 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM100F1000R small 30 1000 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM100F1000R medium 30 1000 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 
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Table J.1:  Excel Information File (part 1 of 2) continued        

SimID SimSize case ctrl reps seed target a1 a2 a3 a4 a5 a6 a7 a8 a9 a10 

SIM100F1000R large 30 1000 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM200F200R small 200 200 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM200F200R medium 200 200 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM200F200R large 200 200 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM200F500R small 200 500 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM200F500R medium 200 500 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM200F500R large 200 500 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM200F1000R small 200 1000 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM200F1000R medium 200 1000 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM200F1000R large 200 1000 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM500F500R small 500 500 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM500F500R medium 500 500 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM500F500R large 500 500 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM500F1000R small 500 1000 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM500F1000R medium 500 1000 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM500F1000R large 500 1000 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM1000F1000R small 1000 1000 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM1000F1000R medium 1000 1000 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

SIM1000F1000R large 1000 1000 500 100020 4 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5 

 



   

301 
 

Table J.2:  Excel Information File (part 2 of 2) 

SimID b1 b2 b3 b4 b5 b6 b7 b8 b9 b10 

SIM00 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM00 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM00 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM30F30R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM30F30R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM30F30R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM30F50R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM30F50R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM30F50R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM30F100R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM30F100R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM30F100R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM30F200R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM30F200R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM30F200R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM30F500R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM30F500R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM30F500R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 
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Table J.2:  Excel Information File (part 2 of 2) continued  

SimID b1 b2 b3 b4 b5 b6 b6 b8 b9 b10 

SIM30F1000R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM30F1000R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM30F1000R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM50F50R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM50F50R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM50F50R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM50F100R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM50F100R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM50F100R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM50F200R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM50F200R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM50F200R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM50F500R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM50F500R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM50F500R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM50F1000R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM50F1000R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM50F1000R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 
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Table J.2:  Excel Information File (part 2 of 2) continued  

SIM100F100R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM100F100R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM100F100R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM100F200R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM100F200R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM100F200R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM100F500R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM100F500R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM100F500R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM100F1000R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM100F1000R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM100F1000R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM200F200R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM200F200R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM200F200R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM200F500R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM200F500R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM200F500R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM200F1000R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 
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Table J.2:  Excel Information File (part 2 of 2) continued  

SIM200F1000R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM200F1000R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM500F500R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM500F500R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM500F500R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM500F1000R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM500F1000R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM500F1000R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM1000F1000R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM1000F1000R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 

SIM1000F1000R 1.5 -1.1 1.3 -0.8 1.1 -0.4 0.9 -0.1 0.6 0.3 
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APPENDIX K 

MPLUS CODE EXAMPLE 

Appendix K contains an example of Mplus code that was written by SAS macros to 

generate reference group data for combination SIM50F500R-MEDIUM.   

 

 

TITLE: Generated code to create control data                                               

  for simulation SIM50A500B                                                                

MONTECARLO:                                                                                

  names = u1-u10;                                                                          

  generate = u1-u10(1);                                                                    

  categorical = u1-u10;                                                                    

  nobs = 500;                                                                              

  nreps =500;                                                                              

  SEED = 100020;                                                                           

  REPSAVE = ALL;                                                                           

  save =                                                                                   

  D:\cfs\Dissertation\data\10items\SIM50A500B\medium\ctrl\B*.dat;                          

ANALYSIS: ESTIMATOR = MLR;                                                                 

MODEL POPULATION:                                                                          

  f by u1@           1                                                                     

    u2*         1.3                                                                        

    u3*         0.4                                                                        

    u4*         1.1                                                                        

    u5*         0.6                                                                        

    u6*         0.9                                                                        

    u7*         0.7                                                                        

    u8*         0.8                                                                        

    u9*         0.9                                                                        

    u10*0.5;                                                                               
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  f*1;                                                                                     

  [u1$1*         1.5                                                                       

    u2$1*        -1.1                                                                      

    u3$1*         1.3                                                                      

    u4$1*        -0.8                                                                      

    u5$1*         1.1                                                                      

    u6$1*        -0.4                                                                      

    u7$1*         0.9                                                                      

    u8$1*        -0.1                                                                      

    u9$1*         0.6                                                                      

    u10$1*0.3];                                                                            

MODEL:                                                                                     

  f by u1@           1                                                                     

    u2*         1.3                                                                        

    u3*         0.4                                                                        

    u4*         1.1                                                                        

    u5*         0.6                                                                        

    u6*         0.9                                                                        

    u7*         0.7                                                                        

    u8*         0.8                                                                        

    u9*         0.9                                                                        

    u10*0.5;                                                                               

  f*1;                                                                                     

  [u1$1*         1.5                                                                       

    u2$1*        -1.1                                                                      

    u3$1*         1.3                                                                      

    u4$1*        -0.8                                                                      

    u5$1*         1.1                                                                      

    u6$1*        -0.4                                                                      

    u7$1*         0.9                                                                      

    u8$1*        -0.1                                                                      
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    u9$1*         0.6                                                                      

    u10$1*0.3];                                                                            

OUTPUT: TECH8 TECH9;                                                                       
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APPENDIX L 

FILE STRUCTURE 

Appendix L contains two screen prints of the file structure implemented to manage the 

data and analysis information from the dissertation study.  The first is a screen print of the base 

file system for the 63 combinations.  The second, a screen print of the folder location within the 

file system and the list of files created for a single combination run (SIM30R30F-LARGE).   

 

Note: To assist readers in identifying focal and reference group information, scenario IDs in this 

dissertation document were updated.  However, the screen prints in this appendix use the original 

scenario ID notation (A represents focal group, B represents reference group). 
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Figure L.1: Base File System 
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Figure L.2: Folder Location and Output Files for Single Combination 

 

 

 

 

 

 



   

311 
 

APPENDIX M 

SAS MACRO CALL STRUCTURE 
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APPENDIX N 

MPLUS OUTPUT FROM IRT ANALYSIS 

Appendix N contains an example of Mplus output from an IRT analysis.  SAS macros created 

and executed Mplus code that created the output below.  Following the creation of the output, 

another SAS macro would scan the output information to verify the IRT analysis had completed, 

and then read from the output the estimates IRT parameters and their standard errors.  

 

Mplus VERSION 7.1 

MUTHEN & MUTHEN 

07/30/2013  12:15 PM 

 

INPUT INSTRUCTIONS 

 

  TITLE: Generated code to create control data 

    for simulation SIM50A500B 

  MONTECARLO: 

    names = u1-u10; 

    generate = u1-u10(1); 

    categorical = u1-u10; 

    nobs = 500; 

    nreps =500; 

    SEED = 100020; 

    REPSAVE = ALL; 

    save = 

    D:\cfs\Dissertation\data\10items\SIM50A500B\medium\ctrl\B*.dat; 

  ANALYSIS: ESTIMATOR = MLR; 

  MODEL POPULATION: 

    f by u1@           1 

      u2*         1.3 

      u3*         0.4 

      u4*         1.1 

      u5*         0.6 

      u6*         0.9 

      u7*         0.7 
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      u8*         0.8 

      u9*         0.9 

      u10*0.5; 

    f*1; 

    [u1$1*         1.5 

      u2$1*        -1.1 

      u3$1*         1.3 

      u4$1*        -0.8 

      u5$1*         1.1 

      u6$1*        -0.4 

      u7$1*         0.9 

      u8$1*        -0.1 

      u9$1*         0.6 

      u10$1*0.3]; 

  MODEL: 

    f by u1@           1 

      u2*         1.3 

      u3*         0.4 

      u4*         1.1 

      u5*         0.6 

      u6*         0.9 

      u7*         0.7 

      u8*         0.8 

      u9*         0.9 

      u10*0.5; 

    f*1; 

    [u1$1*         1.5 

      u2$1*        -1.1 

      u3$1*         1.3 

      u4$1*        -0.8 

      u5$1*         1.1 

      u6$1*        -0.4 

      u7$1*         0.9 

      u8$1*        -0.1 

      u9$1*         0.6 

      u10$1*0.3]; 

  OUTPUT: TECH8 TECH9; 
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INPUT READING TERMINATED NORMALLY 

 

 

 

Generated code to create control data 

for simulation SIM50A500B 

 

SUMMARY OF ANALYSIS 

 

Number of groups                                                 1 

Number of observations                                         500 

 

Number of replications 

    Requested                                                  500 

    Completed                                                  500 

Value of seed                                               100020 

 

Number of dependent variables                                   10 

Number of independent variables                                  0 

Number of continuous latent variables                            1 

 

Observed dependent variables 

 

  Binary and ordered categorical (ordinal) 

   U1          U2          U3          U4          U5          U6 

   U7          U8          U9          U10 

 

Continuous latent variables 

   F 

 

 

Estimator                                                      MLR 

Information matrix                                        OBSERVED 

Optimization Specifications for the Quasi-Newton Algorithm for 
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Continuous Outcomes 

  Maximum number of iterations                                 100 

  Convergence criterion                                  0.100D-05 

Optimization Specifications for the EM Algorithm 

  Maximum number of iterations                                 500 

  Convergence criteria 

    Loglikelihood change                                 0.100D-02 

    Relative loglikelihood change                        0.100D-05 

    Derivative                                           0.100D-02 

Optimization Specifications for the M step of the EM Algorithm for 

Categorical Latent variables 

  Number of M step iterations                                    1 

  M step convergence criterion                           0.100D-02 

  Basis for M step termination                           ITERATION 

Optimization Specifications for the M step of the EM Algorithm for 

Censored, Binary or Ordered Categorical (Ordinal), Unordered 

Categorical (Nominal) and Count Outcomes 

  Number of M step iterations                                    1 

  M step convergence criterion                           0.100D-02 

  Basis for M step termination                           ITERATION 

  Maximum value for logit thresholds                            15 

  Minimum value for logit thresholds                           -15 

  Minimum expected cell size for chi-square              0.100D-01 

Optimization algorithm                                         EMA 

Integration Specifications 

  Type                                                    STANDARD 

  Number of integration points                                  15 

  Dimensions of numerical integration                            1 

  Adaptive quadrature                                           ON 

Link                                                         LOGIT 

Cholesky                                                        ON 

 

 

 

 

 

MODEL FIT INFORMATION 
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Number of Free Parameters                       20 

 

Loglikelihood 

 

    H0 Value 

 

        Mean                             -3003.738 

        Std Dev                             27.880 

        Number of successful computations      500 

 

             Proportions                   Percentiles 

        Expected    Observed         Expected       Observed 

           0.990       0.990        -3068.596      -3069.560 

           0.980       0.984        -3060.996      -3059.712 

           0.950       0.950        -3049.598      -3049.690 

           0.900       0.906        -3039.469      -3039.030 

           0.800       0.804        -3027.202      -3026.970 

           0.700       0.694        -3018.359      -3019.205 

           0.500       0.490        -3003.738      -3004.275 

           0.300       0.294        -2989.118      -2989.680 

           0.200       0.194        -2980.275      -2981.047 

           0.100       0.106        -2968.007      -2966.817 

           0.050       0.054        -2957.879      -2955.269 

           0.020       0.028        -2946.481      -2942.048 

           0.010       0.012        -2938.881      -2937.593 

 

Information Criteria 

 

    Akaike (AIC) 

 

        Mean                              6047.477 

        Std Dev                             55.760 

        Number of successful computations      500 

 

             Proportions                   Percentiles 

        Expected    Observed         Expected       Observed 
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           0.990       0.988         5917.762       5914.773 

           0.980       0.972         5932.963       5923.998 

           0.950       0.946         5955.757       5948.859 

           0.900       0.894         5976.015       5972.664 

           0.800       0.806         6000.549       6001.478 

           0.700       0.706         6018.236       6019.163 

           0.500       0.510         6047.477       6048.413 

           0.300       0.306         6076.717       6078.324 

           0.200       0.196         6094.405       6092.864 

           0.100       0.094         6118.939       6117.705 

           0.050       0.050         6139.197       6137.008 

           0.020       0.016         6161.991       6158.432 

           0.010       0.010         6177.191       6168.181 

 

    Bayesian (BIC) 

 

        Mean                              6131.769 

        Std Dev                             55.760 

        Number of successful computations      500 

 

             Proportions                   Percentiles 

        Expected    Observed         Expected       Observed 

           0.990       0.988         6002.055       5999.065 

           0.980       0.972         6017.255       6008.290 

           0.950       0.946         6040.049       6033.151 

           0.900       0.894         6060.307       6056.956 

           0.800       0.806         6084.841       6085.771 

           0.700       0.706         6102.529       6103.456 

           0.500       0.510         6131.769       6132.705 

           0.300       0.306         6161.010       6162.616 

           0.200       0.196         6178.697       6177.156 

           0.100       0.094         6203.231       6201.997 

           0.050       0.050         6223.489       6221.301 

           0.020       0.016         6246.283       6242.724 

           0.010       0.010         6261.484       6252.474 

 

    Sample-Size Adjusted BIC (n* = (n + 2) / 24) 
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        Mean                              6068.288 

        Std Dev                             55.760 

        Number of successful computations      500 

 

             Proportions                   Percentiles 

        Expected    Observed         Expected       Observed 

           0.990       0.988         5938.573       5935.584 

           0.980       0.972         5953.773       5944.809 

           0.950       0.946         5976.568       5969.670 

           0.900       0.894         5996.826       5993.475 

           0.800       0.806         6021.360       6022.289 

           0.700       0.706         6039.047       6039.974 

           0.500       0.510         6068.288       6069.224 

           0.300       0.306         6097.528       6099.135 

           0.200       0.196         6115.215       6113.675 

           0.100       0.094         6139.750       6138.516 

           0.050       0.050         6160.007       6157.819 

           0.020       0.016         6182.802       6179.242 

           0.010       0.010         6198.002       6188.992 

 

Chi-Square Test of Model Fit for the Binary and Ordered Categorical 

(Ordinal) Outcomes 

 

    Pearson Chi-Square 

 

        Mean                               967.457 

        Std Dev                             82.761 

        Degrees of freedom                    1003 

        Number of successful computations      500 

 

             Proportions                   Percentiles 

        Expected    Observed         Expected       Observed 

           0.990       0.792          901.756        790.988 

           0.980       0.744          913.175        799.756 

           0.950       0.660          930.484        840.057 

           0.900       0.596          946.047        860.317 
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           0.800       0.486          965.124        899.179 

           0.700       0.422          979.038        924.189 

           0.500       0.326         1002.333        963.348 

           0.300       0.234         1025.995       1008.281 

           0.200       0.178         1040.487       1033.423 

           0.100       0.118         1060.810       1069.356 

           0.050       0.094         1077.790       1114.980 

           0.020       0.072         1097.115       1149.533 

           0.010       0.060         1110.125       1177.508 

 

    Likelihood Ratio Chi-Square 

 

        Mean                               649.663 

        Std Dev                             29.781 

        Degrees of freedom                    1003 

        Number of successful computations      500 

 

             Proportions                   Percentiles 

        Expected    Observed         Expected       Observed 

           0.990       0.000          901.756        580.775 

           0.980       0.000          913.175        589.527 

           0.950       0.000          930.484        600.377 

           0.900       0.000          946.047        610.077 

           0.800       0.000          965.124        624.018 

           0.700       0.000          979.038        632.659 

           0.500       0.000         1002.333        649.016 

           0.300       0.000         1025.995        665.872 

           0.200       0.000         1040.487        675.199 

           0.100       0.000         1060.810        686.843 

           0.050       0.000         1077.790        698.155 

           0.020       0.000         1097.115        711.139 

           0.010       0.000         1110.125        716.459 

 

 

 

MODEL RESULTS 
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                           ESTIMATES              S. E.     M. S. E.  95%  % Sig 

              Population   Average   Std. Dev.   Average             Cover Coeff 

 F        BY 

  U1               1.000     1.0000     0.0000     0.0000     0.0000 1.000 0.000 

  U2               1.300     1.3840     0.4161     0.4149     0.1798 0.946 1.000 

  U3               0.400     0.4183     0.1938     0.1905     0.0378 0.956 0.660 

  U4               1.100     1.1516     0.3454     0.3409     0.1217 0.934 1.000 

  U5               0.600     0.6202     0.2121     0.2194     0.0453 0.940 0.960 

  U6               0.900     0.9516     0.2919     0.2848     0.0877 0.948 1.000 

  U7               0.700     0.7398     0.2529     0.2397     0.0654 0.934 0.996 

  U8               0.800     0.8312     0.2478     0.2536     0.0623 0.950 1.000 

  U9               0.900     0.9388     0.2998     0.2853     0.0912 0.944 0.998 

  U10              0.500     0.5195     0.1975     0.1871     0.0393 0.958 0.938 

 

 Thresholds 

  U1$1             1.500     1.5173     0.1504     0.1565     0.0229 0.956 1.000 

  U2$1            -1.100    -1.1187     0.1536     0.1563     0.0239 0.966 1.000 

  U3$1             1.300     1.3132     0.1127     0.1167     0.0128 0.958 1.000 

  U4$1            -0.800    -0.8023     0.1254     0.1275     0.0157 0.966 1.000 

  U5$1             1.100     1.1061     0.1138     0.1161     0.0130 0.958 1.000 

  U6$1            -0.400    -0.4005     0.1046     0.1094     0.0109 0.958 0.970 

  U7$1             0.900     0.9099     0.1232     0.1141     0.0152 0.944 1.000 

  U8$1            -0.100    -0.1010     0.0988     0.1029     0.0097 0.972 0.160 

  U9$1             0.600     0.6061     0.1037     0.1130     0.0108 0.968 1.000 

  U10$1            0.300     0.3109     0.0985     0.0967     0.0098 0.940 0.906 

 

 Variances 

  F                1.000     1.0735     0.4437     0.4488     0.2019 0.940 0.928 

 

 

QUALITY OF NUMERICAL RESULTS 

 

     Average Condition Number for the Information Matrix      0.881E-02 

       (ratio of smallest to largest eigenvalue) 

 

 

TECHNICAL 1 OUTPUT 
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     PARAMETER SPECIFICATION 

 

 

           TAU 

              U1$1          U2$1          U3$1          U4$1          U5$1 

              ________      ________      ________      ________      ________ 

 1                 11            12            13            14            15 

 

 

           TAU 

              U6$1          U7$1          U8$1          U9$1          U10$1 

              ________      ________      ________      ________      ________ 

 1                 16            17            18            19            20 

 

 

           NU 

              U1            U2            U3            U4            U5 

              ________      ________      ________      ________      ________ 

 1                  0             0             0             0             0 

 

 

           NU 

              U6            U7            U8            U9            U10 

              ________      ________      ________      ________      ________ 

 1                  0             0             0             0             0 

 

 

           LAMBDA 

              F 

              ________ 

 U1                 0 

 U2                 1 

 U3                 2 

 U4                 3 

 U5                 4 



   

322 
 

 U6                 5 

 U7                 6 

 U8                 7 

 U9                 8 

 U10                9 

 

 

           THETA 

              U1            U2            U3            U4            U5 

              ________      ________      ________      ________      ________ 

 U1                 0 

 U2                 0             0 

 U3                 0             0             0 

 U4                 0             0             0             0 

 U5                 0             0             0             0             0 

 U6                 0             0             0             0             0 

 U7                 0             0             0             0             0 

 U8                 0             0             0             0             0 

 U9                 0             0             0             0             0 

 U10                0             0             0             0             0 

 

 

           THETA 

              U6            U7            U8            U9            U10 

              ________      ________      ________      ________      ________ 

 U6                 0 

 U7                 0             0 

 U8                 0             0             0 

 U9                 0             0             0             0 

 U10                0             0             0             0             0 

 

 

           ALPHA 

              F 

              ________ 

 1                  0 
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           BETA 

              F 

              ________ 

 F                  0 

 

 

           PSI 

              F 

              ________ 

 F                 10 

 

 

     STARTING VALUES 

 

 

           TAU 

              U1$1          U2$1          U3$1          U4$1          U5$1 

              ________      ________      ________      ________      ________ 

 1              1.500        -1.100         1.300        -0.800         1.100 

 

 

           TAU 

              U6$1          U7$1          U8$1          U9$1          U10$1 

              ________      ________      ________      ________      ________ 

 1             -0.400         0.900        -0.100         0.600         0.300 

 

 

           NU 

              U1            U2            U3            U4            U5 

              ________      ________      ________      ________      ________ 

 1              0.000         0.000         0.000         0.000         0.000 

 

 

           NU 

              U6            U7            U8            U9            U10 

              ________      ________      ________      ________      ________ 
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 1              0.000         0.000         0.000         0.000         0.000 

 

 

           LAMBDA 

              F 

              ________ 

 U1             1.000 

 U2             1.300 

 U3             0.400 

 U4             1.100 

 U5             0.600 

 U6             0.900 

 U7             0.700 

 U8             0.800 

 U9             0.900 

 U10            0.500 

 

 

           THETA 

              U1            U2            U3            U4            U5 

              ________      ________      ________      ________      ________ 

 U1             1.000 

 U2             0.000         1.000 

 U3             0.000         0.000         1.000 

 U4             0.000         0.000         0.000         1.000 

 U5             0.000         0.000         0.000         0.000         1.000 

 U6             0.000         0.000         0.000         0.000         0.000 

 U7             0.000         0.000         0.000         0.000         0.000 

 U8             0.000         0.000         0.000         0.000         0.000 

 U9             0.000         0.000         0.000         0.000         0.000 

 U10            0.000         0.000         0.000         0.000         0.000 

 

 

           THETA 

              U6            U7            U8            U9            U10 

              ________      ________      ________      ________      ________ 

 U6             1.000 
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 U7             0.000         1.000 

 U8             0.000         0.000         1.000 

 U9             0.000         0.000         0.000         1.000 

 U10            0.000         0.000         0.000         0.000         1.000 

 

 

           ALPHA 

              F 

              ________ 

 1              0.000 

 

 

           BETA 

              F 

              ________ 

 F              0.000 

 

 

           PSI 

              F 

              ________ 

 F              1.000 

 

 

     POPULATION VALUES 

 

 

           TAU 

              U1$1          U2$1          U3$1          U4$1          U5$1 

              ________      ________      ________      ________      ________ 

 1              1.500        -1.100         1.300        -0.800         1.100 

 

 

           TAU 

              U6$1          U7$1          U8$1          U9$1          U10$1 

              ________      ________      ________      ________      ________ 

 1             -0.400         0.900        -0.100         0.600         0.300 
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           NU 

              U1            U2            U3            U4            U5 

              ________      ________      ________      ________      ________ 

 1              0.000         0.000         0.000         0.000         0.000 

 

 

           NU 

              U6            U7            U8            U9            U10 

              ________      ________      ________      ________      ________ 

 1              0.000         0.000         0.000         0.000         0.000 

 

 

           LAMBDA 

              F 

              ________ 

 U1             1.000 

 U2             1.300 

 U3             0.400 

 U4             1.100 

 U5             0.600 

 U6             0.900 

 U7             0.700 

 U8             0.800 

 U9             0.900 

 U10            0.500 

 

 

           THETA 

              U1            U2            U3            U4            U5 

              ________      ________      ________      ________      ________ 

 U1             0.000 

 U2             0.000         0.000 

 U3             0.000         0.000         0.000 

 U4             0.000         0.000         0.000         0.000 

 U5             0.000         0.000         0.000         0.000         0.000 



   

327 
 

 U6             0.000         0.000         0.000         0.000         0.000 

 U7             0.000         0.000         0.000         0.000         0.000 

 U8             0.000         0.000         0.000         0.000         0.000 

 U9             0.000         0.000         0.000         0.000         0.000 

 U10            0.000         0.000         0.000         0.000         0.000 

 

 

           THETA 

              U6            U7            U8            U9            U10 

              ________      ________      ________      ________      ________ 

 U6             0.000 

 U7             0.000         0.000 

 U8             0.000         0.000         0.000 

 U9             0.000         0.000         0.000         0.000 

 U10            0.000         0.000         0.000         0.000         0.000 

 

 

           ALPHA 

              F 

              ________ 

 1              0.000 

 

 

           BETA 

              F 

              ________ 

 F              0.000 

 

 

           PSI 

              F 

              ________ 

 F              1.000 

 

 

TECHNICAL 8 OUTPUT 
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  TECHNICAL 8 OUTPUT FOR REPLICATION 1 

 

 

   E STEP  ITER  LOGLIKELIHOOD    ABS CHANGE   REL CHANGE  ALGORITHM 

              1 -0.30167517D+04    0.0000000    0.0000000  EM 

              2 -0.30094773D+04    7.2744311    0.0024113  EM 

              3 -0.30078011D+04    1.6762076    0.0005570  EM 

              4 -0.30070897D+04    0.7114444    0.0002365  EM 

              5 -0.30067745D+04    0.3151675    0.0001048  EM 

              6 -0.30066356D+04    0.1389303    0.0000462  EM 

              7 -0.30065757D+04    0.0598611    0.0000199  EM 

              8 -0.30065504D+04    0.0252795    0.0000084  EM 

              9 -0.30065397D+04    0.0106720    0.0000035  EM 

             10 -0.30065351D+04    0.0046339    0.0000015  EM 

             11 -0.30065330D+04    0.0021218    0.0000007  EM 

             12 -0.30065320D+04    0.0010366    0.0000003  EM 

             13 -0.30065314D+04    0.0005387    0.0000002  EM 

 

 

  TECHNICAL 8 OUTPUT FOR REPLICATION 2 

 

 

   E STEP  ITER  LOGLIKELIHOOD    ABS CHANGE   REL CHANGE  ALGORITHM 

              1 -0.30074003D+04    0.0000000    0.0000000  EM 

              2 -0.29961060D+04   11.2942384    0.0037555  EM 

              3 -0.29931664D+04    2.9395992    0.0009811  EM 

              4 -0.29925560D+04    0.6104089    0.0002039  EM 

              5 -0.29923056D+04    0.2504620    0.0000837  EM 

              6 -0.29921893D+04    0.1162275    0.0000388  EM 

              7 -0.29921311D+04    0.0581812    0.0000194  EM 

              8 -0.29921004D+04    0.0307159    0.0000103  EM 

              9 -0.29920836D+04    0.0168573    0.0000056  EM 

             10 -0.29920741D+04    0.0095190    0.0000032  EM 

             11 -0.29920686D+04    0.0054887    0.0000018  EM 

             12 -0.29920654D+04    0.0032135    0.0000011  EM 

             13 -0.29920634D+04    0.0019025    0.0000006  EM 
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             14 -0.29920623D+04    0.0011356    0.0000004  EM 

             15 -0.29920616D+04    0.0006818    0.0000002  EM 

 

 

  TECHNICAL 8 OUTPUT FOR REPLICATION 3 

 

 

   E STEP  ITER  LOGLIKELIHOOD    ABS CHANGE   REL CHANGE  ALGORITHM 

              1 -0.30387407D+04    0.0000000    0.0000000  EM 

              2 -0.30297292D+04    9.0115273    0.0029655  EM 

              3 -0.30285585D+04    1.1707595    0.0003864  EM 

              4 -0.30281457D+04    0.4127028    0.0001363  EM 

              5 -0.30279619D+04    0.1838234    0.0000607  EM 

              6 -0.30278726D+04    0.0892922    0.0000295  EM 

              7 -0.30278279D+04    0.0447148    0.0000148  EM 

              8 -0.30278052D+04    0.0226742    0.0000075  EM 

              9 -0.30277936D+04    0.0116280    0.0000038  EM 

             10 -0.30277876D+04    0.0060464    0.0000020  EM 

             11 -0.30277844D+04    0.0031929    0.0000011  EM 

             12 -0.30277827D+04    0.0017119    0.0000006  EM 

             13 -0.30277817D+04    0.0009303    0.0000003  EM 

 

 

  TECHNICAL 8 OUTPUT FOR REPLICATION 4 

 

 

   E STEP  ITER  LOGLIKELIHOOD    ABS CHANGE   REL CHANGE  ALGORITHM 

              1 -0.29542045D+04    0.0000000    0.0000000  EM 

              2 -0.29449684D+04    9.2360571    0.0031264  EM 

              3 -0.29439749D+04    0.9935701    0.0003374  EM 

              4 -0.29435754D+04    0.3994226    0.0001357  EM 

              5 -0.29434081D+04    0.1673057    0.0000568  EM 

              6 -0.29433387D+04    0.0694684    0.0000236  EM 

              7 -0.29433102D+04    0.0285045    0.0000097  EM 

              8 -0.29432985D+04    0.0116196    0.0000039  EM 

              9 -0.29432938D+04    0.0047404    0.0000016  EM 

             10 -0.29432919D+04    0.0019459    0.0000007  EM 
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             11 -0.29432910D+04    0.0008057    0.0000003  EM 

 

 

  TECHNICAL 8 OUTPUT FOR REPLICATION 5 

 

 

 

* 

* 

* 

* 

 

Redundant output removed to conserve space……. 

 

* 

* 

* 

* 

 

 

 

 

   E STEP  ITER  LOGLIKELIHOOD    ABS CHANGE   REL CHANGE  ALGORITHM 

              1 -0.30091091D+04    0.0000000    0.0000000  EM 

              2 -0.30022907D+04    6.8184262    0.0022659  EM 

              3 -0.30004457D+04    1.8450225    0.0006145  EM 

              4 -0.29994241D+04    1.0215545    0.0003405  EM 

              5 -0.29988250D+04    0.5990673    0.0001997  EM 

              6 -0.29984653D+04    0.3597417    0.0001200  EM 

              7 -0.29982487D+04    0.2165931    0.0000722  EM 

              8 -0.29981196D+04    0.1290489    0.0000430  EM 

              9 -0.29980441D+04    0.0755871    0.0000252  EM 

             10 -0.29980006D+04    0.0435046    0.0000145  EM 

             11 -0.29979758D+04    0.0247426    0.0000083  EM 

             12 -0.29979618D+04    0.0140394    0.0000047  EM 

             13 -0.29979538D+04    0.0080206    0.0000027  EM 

             14 -0.29979491D+04    0.0046349    0.0000015  EM 
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             15 -0.29979430D+04    0.0061584    0.0000021  FS 

             16 -0.29979428D+04    0.0001151    0.0000000  FS 

 

 

  TECHNICAL 8 OUTPUT FOR REPLICATION 496 

 

 

   E STEP  ITER  LOGLIKELIHOOD    ABS CHANGE   REL CHANGE  ALGORITHM 

              1 -0.30054396D+04    0.0000000    0.0000000  EM 

              2 -0.29916293D+04   13.8102789    0.0045951  EM 

              3 -0.29903163D+04    1.3129783    0.0004389  EM 

              4 -0.29898987D+04    0.4176035    0.0001397  EM 

              5 -0.29897574D+04    0.1413495    0.0000473  EM 

              6 -0.29897080D+04    0.0493683    0.0000165  EM 

              7 -0.29896902D+04    0.0177944    0.0000060  EM 

              8 -0.29896836D+04    0.0066411    0.0000022  EM 

              9 -0.29896810D+04    0.0025764    0.0000009  EM 

             10 -0.29896800D+04    0.0010418    0.0000003  EM 

             11 -0.29896795D+04    0.0004391    0.0000001  EM 

 

 

  TECHNICAL 8 OUTPUT FOR REPLICATION 497 

 

 

   E STEP  ITER  LOGLIKELIHOOD    ABS CHANGE   REL CHANGE  ALGORITHM 

              1 -0.30310585D+04    0.0000000    0.0000000  EM 

              2 -0.30207545D+04   10.3040449    0.0033995  EM 

              3 -0.30187241D+04    2.0303849    0.0006721  EM 

              4 -0.30183652D+04    0.3588810    0.0001189  EM 

              5 -0.30182470D+04    0.1182482    0.0000392  EM 

              6 -0.30182029D+04    0.0441129    0.0000146  EM 

              7 -0.30181847D+04    0.0181242    0.0000060  EM 

              8 -0.30181766D+04    0.0080879    0.0000027  EM 

              9 -0.30181728D+04    0.0038597    0.0000013  EM 

             10 -0.30181708D+04    0.0019371    0.0000006  EM 

             11 -0.30181698D+04    0.0010073    0.0000003  EM 

             12 -0.30181693D+04    0.0005364    0.0000002  EM 
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  TECHNICAL 8 OUTPUT FOR REPLICATION 498 

 

 

   E STEP  ITER  LOGLIKELIHOOD    ABS CHANGE   REL CHANGE  ALGORITHM 

              1 -0.30460061D+04    0.0000000    0.0000000  EM 

              2 -0.30378488D+04    8.1572899    0.0026780  EM 

              3 -0.30368526D+04    0.9961672    0.0003279  EM 

              4 -0.30364631D+04    0.3894955    0.0001283  EM 

              5 -0.30363049D+04    0.1582094    0.0000521  EM 

              6 -0.30362399D+04    0.0650204    0.0000214  EM 

              7 -0.30362130D+04    0.0268789    0.0000089  EM 

              8 -0.30362018D+04    0.0111894    0.0000037  EM 

              9 -0.30361971D+04    0.0047120    0.0000016  EM 

             10 -0.30361951D+04    0.0020162    0.0000007  EM 

             11 -0.30361942D+04    0.0008790    0.0000003  EM 

 

 

  TECHNICAL 8 OUTPUT FOR REPLICATION 499 

 

 

   E STEP  ITER  LOGLIKELIHOOD    ABS CHANGE   REL CHANGE  ALGORITHM 

              1 -0.29901166D+04    0.0000000    0.0000000  EM 

              2 -0.29839368D+04    6.1798263    0.0020668  EM 

              3 -0.29832378D+04    0.6990309    0.0002343  EM 

              4 -0.29830297D+04    0.2080869    0.0000698  EM 

              5 -0.29829616D+04    0.0681436    0.0000228  EM 

              6 -0.29829392D+04    0.0223515    0.0000075  EM 

              7 -0.29829320D+04    0.0071932    0.0000024  EM 

              8 -0.29829297D+04    0.0022877    0.0000008  EM 

              9 -0.29829290D+04    0.0007288    0.0000002  EM 

 

 

  TECHNICAL 8 OUTPUT FOR REPLICATION 500 
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   E STEP  ITER  LOGLIKELIHOOD    ABS CHANGE   REL CHANGE  ALGORITHM 

              1 -0.30072476D+04    0.0000000    0.0000000  EM 

              2 -0.29976924D+04    9.5552044    0.0031774  EM 

              3 -0.29969172D+04    0.7752322    0.0002586  EM 

              4 -0.29967079D+04    0.2092553    0.0000698  EM 

              5 -0.29966457D+04    0.0622143    0.0000208  EM 

              6 -0.29966263D+04    0.0194198    0.0000065  EM 

              7 -0.29966200D+04    0.0063462    0.0000021  EM 

              8 -0.29966178D+04    0.0021693    0.0000007  EM 

              9 -0.29966170D+04    0.0007740    0.0000003  EM 

 

 

TECHNICAL 9 OUTPUT 

 

  Error messages for each replication (if any) 

 

 

 

SAVEDATA INFORMATION 

 

  Order of variables 

 

    U1 

    U2 

    U3 

    U4 

    U5 

    U6 

    U7 

    U8 

    U9 

    U10 

 

  Save file 

    B*.dat 

 

  Save file format           Free 
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  Save file record length    10000 
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APPENDIX O 

SAS Macro Passed Variables 
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