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ABSTRACT

Frequently researchers base their decisions and interpretations orsiwmsctirawn from data
analyses, but what happens when the dataingbé analyses are collected from unreliable
instruments or surveys? The instrument mayitkela particular questidghat invokes different
interpretations based on group membership, byepéacing one of the two groups at an unfair
disadvantage. Another challenge occurs whersize of the samplender investigation (i.e.,
number of respondents or panppants) is unavoidably smaldding more uncertainty to
parameter estimates. Over the past 50sy@asearchers 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 Hashddition, selecting appropriate methods
becomes even more challenging when smaller sample sizes are involved (Lai, Teresi, &
Gershon, 2005). This dissertation presentdititengs of a study introducing a new method for
identifying DIF and potentially biased items. Tdtady explored the use of the Item Information
Curve (lIC) as a weighting strategy (i.e., \§fatied Area Method — WAM) to the area between
Item Characteristic Curves (ICC) as a waydientify problematic questions. Through thousands
of simulations, the performaa of WAM was compared to twother commonly used methods
for detecting DIF — the Mantel-Haenszel appioéVantel & Haenszel, 1959) and the Rudner’s
Area method (Rudner, 1977). The results shoeffects of sample size variations on
identifying modeled DIF items, and the opportyrfor future Differential Item Functioning

(DIF) analyses using WAM.
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INTRODUCTION

Evaluation is the cornerstone to undendiag the effectiveass of a teaching
environment, the ability of a student, the dynesrof 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 rafingm collecting information from a simple
conversation between two people to an in-deptivey conducted over many years. However,
whatever form the evaluation takes, if the dues asked do not fairly measure the construct
under investigation, any conclusions drawn fribw@ evaluation may be flawed. Instrument
developers have an enormous responsibilityesign surveys and teghat are reliable and
valid, and that measure appriately the characteristic or issue of interest. An instrument can be
credible only if the data dlected do not place one grouprespondents at a disadvantage
relative to another.

When a particular question invokes differesdéponses between two groups in a study,
the instrument is not dependable. an educational setting, arample of bias is an exam
guestion that Hispanic studemmserpret differently from non-kpanic students. In this
example, the question is not only measuringpdugicular knowledge aattribute measured by
the test item, the question is also measuring ndreghe student is Hispanic. Such questions are
biased in their capacity to evaluate studenttgaihd they undermine the validity of the final
test scores. In another example related tditgua life, Groenvold and colleagues (1995) write,
“Item bias may lead to erroneous conclusioesause of distortion or dilution of the effects
measured” (p. 805).

Item response theory (IRT) is a family of madls that model latent nstructs in terms of

observed responses (Harvey & Hammer, 1999). dHugsion as to which method to use depends



on many issues, including the characteristics ofitita, the type of responses to the items, and
the particular research question. An importantattaristic of IRT models that they provide a
statistical process based on the observed regpdo®stimate the place a person falls along a
latent construct. In addition, IRT models pid®/an opportunity to exarme the performance of
the individual items in a survey or tdstyond simply counting the number of endorsed or
correct responses.

Differential item functioning (DIF) analysese used to detepbtential differences
between groups’ response behavior that go beyanditigle trait of interest or latent construct
(Holland & Thayer, 1986). Itenan a questionnaire or questions on an exam that express these
potential differences are problematic in that thegqually measure trait levels for two different
groups. DIF and item bias can manifest differemiesto gender, racethnicity, culture, and
environment, to name a few. In educatis®itings, these potential differences, left
unaddressed, undermine the ability to accurately eteatadents’ aptitude or level of ability for
a particular subject (Kamata & Vaughn, 2004) psychological settings, these differences may
lead to misdiagnosis or suboptintedalthcare (Teresi & Fleishman, 2007).

As early as the 1940s and 1950s, statisticdsures were developed to look for biased
tests and for items with DIF charactéds (Lawley, 1943; Lord, 1952, 1953; Tucker, 1946).
Many different methods have been proposedeatify DIF items in surveys and tests (Angoff
& Ford, 1973; Bolt, 2000; Camilli & Smith, 1990; Dorans, 1989; Holland & Thayer, 1986;
Holland & Wainer, 1993; Mantel & Haensz&B59; Raju, 1988; Rudner, Getson, & Knight,
1980a; Scheuneman, 1979; L. A. Shepard, Car&ilNVilliams, 1985; Swanson, Clauser, Case,
Nungester, & Featherman, 2002; Zwick, 1999). Aetstrof procedures have been explored to

efficiently and effectively detect DIF for dichotomously and polytomously scored items (Camilli



& Smith, 1990; Cheong & Kamata, 2009; CoheiKi&n, 1993; Donoghue & Isham, 1998; Lai et
al., 2005; Spray & Miller, 1994, Stark, Cimgshenko, & Drasgow, 2006; Tang, 1994; Waller,
1998; Wang, Bradlow, Wainer, & Muller, 2008; J. Williams & Beretvas, 2006; Zwick, 1999),
but the research community continues to tkeli@ae best method for detecting DIF items.
Millsap and Everson (1993) offer awerview of DIF detection methods.

The effort to identify DIF items is greatbomplicated when the analyses involve small
samples (Ackerman & Evans, 1992; Fidalgo, Fese& Muniz, 2004; Laet al., 2005; Roussos
& Stout, 1996; Zwick, 1999), and individuals faosth selecting a particular method will find
very little available research to guide them.addition, the definition of “small” becomes
important, because we must determine at whit gooup size is too small to conduct a rigorous
DIF analysis. Recent simulations have shovat #malyses based on group sizes of 200 fall
slightly below the typical desidepower level of .80 for detectiaf a moderate DIF effect of 0.5
(Scott et al., 2009). However, another stunlynid that subsamples of 500 were problematic,
especially for items “with a small differenceitem difficulty between the two groups, and
poorly discriminating items” (Mazor, Clause, & Hambleton, 1992, p. 442).

If a minimum group size of 200 is neceagsaxamining items for DIF will not be
possible in some very important situations. &ample, 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 linmtedbers in groups based characteristics such
as race/ethnicity, age, or@o-economic status. Similarlin an educatioal setting, a group
may include either poorly represented or veryitiah numbers of students, such as students with
specific types of disability. So how does aeaasher look for DIF items when a particular group

size is small? One option is to concludatthn examination cannot be performed, and to



stipulate that any conclusion drawn from the agsle is highly suspect. However, researchers
frequently fail to recognize or specify this ltation in their researchirawing conclusions based
on flawed findings. In addition, in some opevaal settings, such as licensing tests for small
populations, DIF analyses may be requireddy or to meet professional standards.

As with all inferential stéstical methods, achieving a l&gnough sample size to meet
the requirements of the selected procedupaiamount to giving the research credibility.
Therefore, this study explored the effectiveneka new method of examining items for DIF
using a weighted area method (WAM). By analgzihousands of simulated data sets, this study
examined the ability of WAM to identify adeled DIF items in 21 different group-size
combinations with three different DIF sizek addition, the pgormance of WAM was
compared to two other commonly used DIF-analysis techniques. The findings from comparisons
of the analyses are reported, along with casiohs drawn and steps for future research

involving WAM.



LITERATURE REVEIW

A very important step prior to using the reswit@ny 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. siteat have differentialem functioning (DIF)
characteristics have the potentiabe biased. DIF occurs whesspondents from two different
groups have the same underlying trait levellhawe different probabilities of providing a
particular response (Holland & Thayer, 198®%he different probabilities of responses for
respondents at the same trait lem@ an indication that theeitn is in part measuring the
respondents’ group membership. However, méag@group membership is problematic, in that
the items were constructed to measure only ¢gimstcucts or outcomes ofterest (e.g., math
ability, depression, etc.) and should notlsir theoretical construct, include group
membership.

Surveys or tests with items that unintentlly measure group membership touch on the
issue of dimensionality. When an instrument is troicsed to measure a single trait, it is said to
be unidimensional. However, when a fewtlué items on the test measure another trait
unintentionally, the test becomes multidimensionalature. Such items are biased in that,
“When a test is multidimensional (MD) with aiqpiary trait and a nuisance trait that affects a
small portion of the test, item bias is definechasean difference onémuisance trait between
two groups” (Oshima & Miller, 1992, p.237). Multidimensional models exist that offer the
opportunity to examine for DIF (Ackerman, 1992; dMmald, 2000), but it is the inclusion of the
unintentional or nuisance trait thatproblematic. An item affectdaly a nuisance trait is clearly
showing signs of bias, but the presence of DIF do¢snandate that the item is biased, only that

it has an important bias-like afacteristic (Schumacker, 2005).



Examining items for DIF is a very importgoairt of understanding the quality of items on
a test or survey, but accuratelytetging DIF is challenging. laddition, claiming that an item
has no DIF characteristics is another challertgelland and Wainer wrote, “to be credible, a
claim to have found 'no DIF" must mean a carefuidy with as large a sample size as could be
found that uses the most powerful statisticatptures available to ayak these data” (1993, p.
31).

This chapter presents different methods used to examine items for DIF, describes
important characteristics and feeds of IRT analyses, and disses the sample-size thresholds
offered by past research.

Comparison of CTT with IRT

Item Response Theory, also called latent thegbry, 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 focusese on test-level scores. CTT has been around
for more than 60 years (Gulliksen, 1950), but & kame very significant limitations that are not
found in IRT models. First, in CTT, characgtigs (e.g., item difficulty and item discrimination)
used to understand performance of tests ostoqpmaires (i.e., instruments) are sample
dependent, and second, the total score of an institused to describe a person’s ability is test
dependent (Hambleton, 2000). Unlike CTT, IRGisunded in the idea that an individual's
responses on an instrument are a reflectionedf gersonal characterissior latent construct,
which in turn is measured by responses tatdras on the instrument. Responses to the items
are assumed to be relatively independent ampdaweide an opportunity to examine how the items
tap into measuring the latent construct. M&\Ji1966) argued that the weak assumptions for

CTT make it a good candidate fomriaaus situations, but that wasior to the development of



IRT and the increased availability of compute®&reiner (2010) attributes the continued
popularity of CTT over IRT to the limited numbefrresearchers trained IRT methods, thereby
identifying “inertia” as the obstde 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 sampleagib, 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.&;=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 thistudy in the review.

Hambleton (2000) compared IRT to CTT araine to similar recommendations for using
IRT over CTT, but did come to the conclusion thatple sizes often need to be larger for IRT
models. A different study used CTT along witle Rasch model to evaluate a short version
(PDQ-8) of the Parkinson’s Disease Questiamn@ranchignoni, Giordano, & Ferriero, 2008).
Instead of comparing results from the two metddey used the ressifrom their study as a
validation opportunity for the PDQ-8, which hadly been validated through the use of CTT.
Unlike Mango, this study did mention the usdddfF 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 thrdlgluse of IRT, they shared concern that the
size of their sample may not have had the pawaentify potential differences in the two
guestionnaires.

Obviously, CTT has a solid place in the studyestt properties, and can be used to

support findings from other DIF detection methottowever, the fact that IRT is based on the



assumption that responses are a reflectiamefs position on a laté construct offers
researchers in IRT a greater opportunitymprove the discovery of biased items.
ICC, IIC, and IRT

One method for examining for DIF items inves the use of the item characteristic
curve (ICC) (Lord, 1953). The ICC shows, for each item, the different probabilities of
responding a particular way basedhe level of the latent construct. ICCs are obtained from a
function that identifies the relationship between an individual’s locatica latent construct and
the probability of the individualrelorsing an item on a test omgetly. The function, called Item
Response Function (IRF), has multiple forms aelogg on the modeled characteristics (Hula,
Fergadiotis, & Martin, 2012). Eimost basic form is the 1-PL model for dichotomous items,
where the probability of endorsing an item isiadtion of only an item difficulty parameter and
the latent construct. An exteion of the 1-PL model is tlPL model with dichotomously
scored items (Birnbaum, 1968). The 2-PL modptesents the model wahich the probability
of endorsing an item is a funeti of the latent construct and two parameters - item difficulty and
item discrimination.

An example of an ICC is presented igliie 2.1 and represents a 2-PL model with
dichotomously scored items. The formula for the 2-PL model is

ghPa(7h)

RCY 1 gPal™m [1]

where;
Pi( &) is the probability of endorsing item i,
€is an individual’s trait parameter
ai is the item discriminating parameter,
bi is the item difficulty parameter,

i is the item indicator,



D = 1.7 and is a scaling factor

Researchers explained that the D scalingofatianipulates the logfic function to be
very close to the normal ogive function, sattthe two only differ by less than 0.01 for all
values along the trait scale (Hambleton, Swaatian, & Rogers, 1991). They also explained
the importance of this replacement by sayindiéTogistic model is more mathematically
tractable than the normal ogive model becauséattex involves integration, whereas the former
is an explicit function of item and ability paramstand also has important statistical properties”

(Hambleton et al., 1991).
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Figure 2.1: Example ofdC for Two Different Items

The item difficulty parameter {bis the value for each item i where the probability of
endorsing the item is 0.5. The dashed verticaklim Figure 2.1 show the difficulty levels for
items Q1 and Q2 (=.5 and k2>=-.1). The dashed line for Q4 farther to the right along the
latent construct scale, indicadj a respondent has to hold a high@lue on the l@nt construct

scale before they have a 50% chance of enulptsie item. The item discriminating parameter
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(a) is the value of the slope of the IIC for eatgm i at the point where endorsing the item is 0.5
(a01=1.2 and a2=.8). Figure 2.1 shows that item Q1 has a steeper slope than Q2 at their
respective bvalues, indicating that Q1 is madescriminating. An item that is more
discriminating is one in which the probabildy endorsing an item climbs more rapidly over a
portion of the latent construct seas 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 representsréiagionship for all individuals where responses
were used to estimate the logistic function patanse Now, instead dboking at two different
items, consider a comparison between two ICGsftwo different groupsThe expectation is,
if the two groups are identical in how they resgado a particular item, the two ICCs would be
the same, and the item parameter estimates sinfilas is the case if the characteristic that
identifies the two groups is unrelated to thiatienship between thetknt construct and the
probability of endorsing an item. When thippens, the item is considered not to show
differential functioning. However, if the tw&Cs are dissimilar for the two groups, indicating
that the parameters are also dissimilar, a mgisarait may be present in the item, thereby
showing signs of DIF (Ironson & Subkoviak, 1979).

The difference between the ICCs for two grofgrsa single item is the foundation of this
study. Figure 2.2 provides examples of two diffesais of ICCs. The set on the left shows
ICCs for two groups for a single item showing véttye 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 ifohen & Kim, 1993; Ironson & Subkoviak, 1979; Kim

& Cohen, 1991; Raju, 1988; Rudner et al., 188hepard, Camilli, & Averill, 1981).

Probability of Endorsement — P(0)

Latent Construct— (8) Latent Construct— (0)

Figure 2.2: Comparison of Two 8eof ICCs for a Single Item

The graphical presentation of the areaueen the two curves (i.e., two curves
representing two groups) is simplistic in that ldngier the area, the more potential DIF for the
item, the smaller the area tless potential DIF. To look for DIF items, one would look for
items that have large areas between the twoesunAnother metric of differential behavior
evident by the graphs is the variation in theatiste between the two curves at different values
of the latent construct (i.e.,aalg the x-axis). In the 2-PL rdel, the largesteparation could
potentially fall anywhere along theaxis. If we consider this information from the ICC curves,
can the identification of DIF items be improved®is study investigates a method that weights
the area between the ICCs to help identify DIthe method uses the item information curve
(IIC) to weight the area between ICCs. An IIC baen described as “analogous to reliability of
measurement and indicate the precision (reciprocdleoérror variance) of an item or test along
the underlying trait continuum” (Hays, Morales Reise, 2000), p. 11-34). An example of an IIC

is presented in Figure 2.3.
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Latent Construct— (0)

Figure 2.3: Example of an IIC

Again, the presentation is simplistic in ttiaé higher the curve the more information you
have about the item based on the collected resporisd-igure 2.3, the item information is
highest around -1 on the lateminstruct scale and lower below -26d above 0.5. Therefore,
one can theorize that separation of ICCthalow-information locations offers minimal
information on potential DIF and separation aroun{inthis example) offers more insight into
potential DIF.

The theoretical foundation for WAM is the invement of this information from the 1IC
in weighting, to use the level of reliability ah item along the latent construct scale to help
identify DIF. The method weights different ardetween the ICCs differently to either increase
or decrease the contribution of the ICC separamoording 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 outicerange on the latent construct scale.
Therefore, more weight is gimego the separation area between the two ICCs falling within this

range. Continuing with this idea, the amountveight associated witthe 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 \ghting method as an effectiveqmedure for analyzing items for
DIF characteristics.
Small Groups and Models

Lai (Lai et al., 2005) provides a useful oview of different tebniques for researching
DIF items, including another important componefthis study -- the@dded challenge of
researching DIF with small group sizes. Umidimately, the notion of “small” is somewhat
complicated by the fact that different methods hdifferent 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 ctlyréaft with very few options when the sample,
or particularly a group size in the sample, islémBhe situation is further confused because
researchers define “small” differently. For exde) Lai defines a small sample as one with
fewer than 200 cases (Lai et al., 2005), 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 (Rs0s & Stout, 1996), and Jinr(;JMyers, Ahn, & Penfield, 2013)
identified small at 50 for focal group and 2f@@ reference group. Scott and colleagues (2009)
focused on logistic regressionanalyses in a simulatiorusty and concluded that groups
smaller than 200 were problematic. Fidalgd aolleagues (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 potentiateéishold for what is considered small. In 2010, Scott and
colleagues (2010) argued for “a minimum oD2@spondents per group as a requirement for
logistic regression DIF analysg®. 5). The small samplesearch mentioned above has not

deterred researchers from using even sma#leples when applying DIF methods (Azocar,
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Arean, Miranda, & Munoz, 2001; Bryant, 20@lis, 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 commuris 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 reakld, the number of parijgants is not always
controllable. When this happens, researchers must make informed decisions about how to
proceed and how to inform their audience ofltmetations of any findings presented. Another
potential reason may be relatedhe fact that very little research currently exists for small
samples, and it is practically non-existentgooups 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 methodohy and conducting an appropriate analysis.
Selecting the wrong method for a particular datalone may lead to invalid or misleading
conclusions. For instance, a few studies hauadanethods that shogromise with detecting
DIF in small samples, but are unable téede non-uniform DIF (DeMars, 2008; Hidalgo &
Lopez-Pina, 2004; Narayanon & Swaminathan, 1996).

The research is clear that sample smest 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 recogrizesmportance of sangsize and includes a
wide range of sizes based on pa&stearch. In adkibn, below is a review of past research,
categorized by research methodst tiscusses each method’s leveeffectiveness in dealing

with small samples. However, before prdsenthe methods below, it is important to note
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Sinharay’s comment (Sinharay, Dorans, Gr&rlew, 2008) that, “There is no universally
accepted technique to detect DIF for small sampled 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 (20(tates that the Mantel-Haea$ procedure “is probably
the most commonly used method for analysis ofoum 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 DIR small samples of sizes 50/50, 100/50, 200/50, and
100/100 for reference and focal group respectjugsing different MH statistics (chi-square
statistic, common odds ratio estimator, andstla@dardized p-differeed. Fidalgo found that
the MH chi-square statistics at an alpha l@fe2 performed the best in identifying DIF
correctly, and the sample sizeldf0/100 provided better informatidiman the other three, with
50/50 being the least informative. Unfortumat&idalgo never idetified a threshold to
consider for a small sample size. Mazor aolieagues also report that the MH statistic
performs poorly at sample sizes below 100 (198@) Clauser and Mazor (1998) state that “200
to 250 per group have been consistently shown to be suitable foithigbeMantel-Haenszel
statistic” (p.37).

One very relevant study (Hambleton & Rogel989) concludethat the MH method
slightly outperformed the area method (Raju, 19838)g IRT in identifying uniform DIF, but
acknowledged that the area method is abldentify 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 perfeecognizably better #m the area method.
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This dissertation study usédth the MH and the Area method as comparisons to the
effectiveness of WAM. A major reason fotesting MH was the widespread use of this
method, substantiated by Fidelgo’s obseoratiAnother reason these two methods were
selected was to explore the issue of sampke &nd to explore Hamlte'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 uséithd “simultaneous item bias (SIBTEST;
henceforth referred to as SIB)” (1994). eT&81B method (Shealy & Stout, 1993) divides the
items in the test into two categes, n items that are valid asbdowing no signs of DIF, and N-n
items that are suspect. The n items are identifyetheir strong weightingn a particular factor

or construct. Next, total scores for the two groups of items are used in additional computations
to identify a SIB statistié{;‘. The statistic has an approxim&i¢0,1) distribution when DIF is

absent from items, thereby prowvidia hypothesis test for DIF as:H)=0 vs. H: u>0.
Ackerman constructed his study with 30 iteamsl 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 btithand SIB as havingossible DIF increased,
and the SIB statistic had a higher Type | errte (ae., finding DIF when no DIF exists) when
examinees were matched on more than just their total score.

Narayanan and Swaminathan (1994) codel after comparing MH and SIB in 1,296
conditions that the two procedures “were equabiyverful in detecting uniform DIF for equal
ability distributions. The SIB procedure was mpaaverful than the MHprocedure in detecting

DIF for unequal ability distributins” (p. 315). They used refae group sizes of 300, 500, and
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1000 and focal group sizes of 100, 200, and 300, higemeating nine group size combinations.
Their findings supported Akermarnits that SIB experienced sligitthigher Type | error rates,
and that both procedures’ error rates increaseshmple size increased. However, Narayanan
and Swaminathan found that changes in the sigi@ediocal group played a much larger part in
DIF detection than changes in the referenceigr For example, a change from 100 to 300 in
the focal group with a reference group of 30€r@ased detection rates by 22%, while a change
from 300 to 1000 in the reference group for a faraup of 100 experienced a rate increase of
only 4%. Though this finding does echo thaltdnges with smaller group sizes, their
conclusion was that a group size of 300 is the threshold for hamoggh power to identify DIF.

A comparison study of MH and SIB found dian conclusions to #two studies above
while using group sizes of 100 1000, but did find that SIB “perfmed flawlessly” in avoiding
Type I errors with a sample of 3000 whilethlH did not (Roussos & Stout, 1996). In 2007, a
study compared four methods for detecting;Dimultaneous item bias test (SIBTEST),
logistic regression, item response theory likadithoatio test, and confirmary factor analysis”
(Finch & French, 2007, p. 565). In this studye tiroup 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 minimunogp size, their findings did suppgrevious research in DIF
detection and Type | error rates. However, one interesting finding wasmisitivity of IRTLR
and CFA to group size, showing lower levefgpower than the other two procedures.

Unlike Ackerman’s approach which dividéesms into valid and suspect groups, my
dissertation study did not make anitial assumptions about theligity of the items and took a

more conservative approach by not eliminating itensr to searching foDIF. In addition, |
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included a wider range of sample sizes tbdrer studies, and as in many other comparison
studies, | used the MH as a comparison methodology.
Analysis of Variance (ANOVA)

Tang (1994) describes a method for DIF anali@ismall samples involving analysis of
variance, and compared it to the MH proceddihe method (IRT-ANOVA) first uses IRT to
generate residual scores free of person @angeability and item difficulty, and then uses
ANOVA to test group differences in these scor8T-ANOVA uses the residual scores as the
dependent variable and the DIF factor(s) unaeestigation are thendependent variables.
Tang’s study compared the IRT-ANOVA modelth@ MH in their ability to detect DIF
appropriately using simulated studies whidgying the group size from 200 to 1200.
Conclusions drawn from this study indic#ibat the IRT-ANOVA outperforms the MH method,
but is possibly more sensitive to departures from unidimensionality.

Whitmore and Schumacker (1999) conductedmaparison of Analysis of Variance and
Logistic Regression using simtda binary item response datasseThey varied the sample
sizes (200, 400, and 600 cases; 100, 200, ang&0@roup) and found that both methods’
performance improved as sample size incredsgd,ogistic Regressiooutperformed Analysis
of Variance when data involved uniform DIF. éjhconcluded that Logistic Regression should
be used rather than IRT-ANOVBecause the type of DIF is natown when dealing with real
data.

Logistic Regression

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

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

Logistic Regression model to detect DIF is the following:
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whereui is the response of persoim groupj, oj and ij are the intercept and slope parameters
for groupj respectively, andijis the ability of personin groupj. Therefore if o1= 02 and

1= 12, then no DIF is detected; ifi1= 12 but o1 ¢ o2, then uniform DIF may be present; and if

01= oz but 11 12, then nonuniform DIF may be presei@waminathan and Rogers’s study
manipulated sample size, test length, and amoiuDtF to compare the two models. He stated,
“Sample size will affect the power the logistic regression procedure through its effect on
estimation. In small samples, the asymptotsults may not hold and hee the test statistic
may not be a valid indicator of the presenc®Wi. In the MH procedure, small samples may
affect the stability of the estite of the odds ratio in each segroup” (p.365). Their selected
sample sizes were 250 and 500 and they foliatboth methods performed similarly in
detecting uniform DIF, but thieogistic Regression method @etrformed MH in detecting non-
uniform DIF and had a slightly giner level of false positives (196. 4% on average). However,
one of the more interestingdtures of Swaminathan and R study was their method of
varying difficulty parameters while keeping disgination parameters the same to model the
area between the ICCs, and therefnmulate DIF items in his study.

Other studies have utilizedethogistic Regression methodittentify DIF in collected
data, which involved varying levels ofayp sizes. Kamata and Vaugh (2004) compared
Logistic Regression to the MH method (graipes of 1854 and 1842); Yasuda, Lei, and Suen
(2007) used both the LogistiRegression method and Multiple Group Confirmatory Factor
Analysis (MGCFA) method to identify DIF itenfgroup sizes of 283 and 299). Escorial and

Navas (2007) used Logistic Regression and tbtleer methods with consistent results (group
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sizes of 436 and 331). Ratheathcomparing MH to Logistic Regression, Dodeen (2004) used
the MH procedure in a supportingdeavith Logistic Regression to explore DIF in survey data
(group sizes of 500 and 500).

The group sizes in these studies all fall within the guidelieeently presented by Scott
and colleagues (2009), who identified through simulation of the Logistic Regression method that
a minimum group size of 200 is necessary tcegeugh power (>.8) to detect DIF. They
recognized that the size of 200 is an increas® forevious recommentians (Lai et al., 2005;
Zumbo, 1999). Based on previdusdings and its frequent usiggistic Regression is usually
included in research that seeks to improve d#ntification. However, given the desire to
explore sample sizes smaller than 200, LogRegression was not uzkd as a comparison
method for this study.

Confirmatory Factor Analysis (CFA)

The initial use of a Confirmatory FactModel (CFA) (Joreskog, 1971) tests for
measurement invariance between groups. R&893) describes the tygal application of a
CFA in a study in which he compares the adagas 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 famexee item responses” (p. 557) and “With IRT
models, the only standard measafdit is a likelihood ratio chi-guare variate that is evaluated
in a fashion similar to that dhe statistical measure of fit with CFA.” (p. 564). In addition,
Reise reports that in partial measuremewariance models, IRT found a couple of items
showing signs of DIF that CFA did not. His eapation of this finding is that “the CFA model

ignores certain parameters, namelydifBculty parameters represented by tijgarameters in
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the IRT model. As aresult, IRT models posit more stringent sets of measurement invariance
constraints” (p. 564).

Many studies that use CFA have overall skngizes of 500 or more (Cooke, Kosson, &
Michie, 2001; Kelly, Kallen, & Suarez-Almazor, 2007; Pae & Park, 2@@&érk et al., 2006;
Teresi, Kleinman, & Ocepek-Welikson, 2000; Yasedtlal., 2007). In addition, because the chi-
square test is sensitive to sample size (F&¢hench, 2007) and G¥ignores the difficulty
parameter, CFA was not selected as a congangethod 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 Graed Draper’s use of total scores (Green
& Draper, 1972) and explained how the area betvien CC curves indicates a relative amount
of item bias, and how a visual inspection @ t&Cs can show additional information on the
bias. Rudner used successigetangles to estimate areaveen two equated ICC curves by
summing the area captured by the rectangles. phgral representation afeating rectangles
to evaluate area between tweds is presented in Figure 2.4.

Later, in a paper comparing multiple DdlEtection techniques, Rudner and colleagues
explained that a limitation of using ICC curveshe parameter estimation error, “especially with
small samples (n<1000)” (1980a). As samptesidecreases, 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. Otheresearchers have also examined the use of
areas between ICC curves (Ironson & Subkovi®79; Rudner, Getson, & Knight, 1980b; L.

Shepard et al., 1981; L. Shepard, Camilli, & Williams, 1984).
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focal group
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Probability of Endorsement— P(0)

Latent Construct— (0)

Figure 2.4: Area Between Two ICCs

Raju adds to Rudner’s use of successictargles by discussing a computational method
to find the exact area (Raju, 1988). Rdfieed signed and unsigned area formulas and
described how they are constructed relatedédrasch, 2PL, and 3PL models. However, unlike
earlier methods, Raju’s method uses the entatatfability) range, removing the previous need
to identify a finite interval (i.e. -3, +3). Asresult, the 3PL mod#iat includes a “guessing
parameter’t includes a restriction thatbe equal for both groups, otherwise the area between
the ICC curves is infinite. One important featis that Raju’s method assumes that the density
function for ability () is uniform. A study by Cohemd Kim (1993) compared Lord’$
statistic (Lord, 1980) to two Z-score tests for signed and unsigned area differences between
group response functions. Cohen and Kim restlithis study to a 2PL model with simulated
sample sizes of 100 and 500, and concludedhleathree methods performed similarly but with
a slight better performance from Lord&when dealing with smaller sample sizes.

Raju (Raju, van der Lindel& Fleer, 1995) proposes thaifferential functioning of
items and test (DFIT) based on item responserih(IRT)” (p. 353). Raju’s DFIT framework
includes two measures of DIF; compensatory DIBIf that does not assuntigat the other test

items are unbiased, and noncompensatory DIF (IRCat does assume unbiased items. In
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this work, Raju discusses differential testctioning (DTF) and how DTF is a squared

difference in expected test scores. Raju uked : P T , whereT, is the expected
il

proportion correct (EPC) dtrue” score on a testanB { is the probability of success for an
individual with latent construct valueT on itemi. Because each individual has an EPC value
(one as a member of the focal group and as a member of the reference grotip andF,,,

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

person with the same ability in another group [IRTF E T, Fg 2].

Raju defines CDIF for iterhas the “covariance between the difference in item

probabilities for item (di) and the difference between the two EPO} énd andP ,

respectively” (p. 355) (.eCDIF EdD Cov d,D £ ). Given this, DTF becomes

n
the sum ( : ) of the differential functioning®. R,) at the item level -
il

2

n n a [0)
DTF CDIF E: Pr Py« - Contiquing, since NCi/DIEssumes that all items are
i1 4

i1 -

completely unbiased}j=0 for allj «i implies that noncompensatory DIF is the variance of

difference in item probabilities for item(di) and the squared meandbf(i.e.,
f 2
NCDIF 1} A2)and thereforélCDIF 3 B T Ry & f. 7 d . Rajdrefognizedy)

1988 that “if f- 7 is rectangular, then the rightehd side of Equation 13” (i.e.,

2
NCDIF 3 P- Tt Py ‘ fo 7 d : ) “is the squarerof thabsolute or unsigned area

4

between two IRFs” (p. 356). In Raju’s 198idy, Raju concluded that NCDIF generally
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outperformed the Exact Signed Area (ESA) relExact Unsigned Area (EUA) methods (Raju,
1990), and LordsPtest (Lord, 1980) in the models henstructed, with the most problematic

models being non-uniform DIF containing 20% DIF items.
Area Between IICs
A simulation study compared Raju’s Sign&eta Index and MH procedures to a DIF
analysis method labeled the Information Simiyalndex (I1SI) (Wyse & Mapuranga, 2009). The
method was constructed on the idea that the anaflarea not covered by both item information
curves is an indication of an item’s potent@lel of bias when a Rasch model appropriately

represents the data (see Figure 2.5).

Area not covered by both

IIC curves

Latent Construct— (0)

Figure 2.5: Example of A& between Two IIC Curves

Wyse and Mapuranga state, “items or testsatem be considered parallel when they
have identical information functions acrostogroups. Hence, information functions are a
theoretically feasible candidate for DIF an@y{p. 335). The formula for calculating the ISI

. bf\
. overlapping area b b| )
value islSI ppIng e 2 wherebr andbs are the item

overlapping area nonoverlapping area

difficulties for reference and focal groups. Wys®l 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, “Igrformed comparably to SAl and MH and had
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higher power when DIF favored the referenceugr. WWhen there were items that favored the
reference and focal groups, thewer of ISI was generally lower than SAl and MH” (p. 351).
Summary

The literature review providesvery clear opportunity toxplore further the use of the
area between ICCs to identify DIF items on a ¢tesfuestionnaire, especially when the sample
size is relatively small (i.e., $s8 than 500). Also, given timportant distinction between
uniform and non-uniform DIF, past findings of limitations in DIF procedures for different
sample sizes, and the interest in smaller grous sikhe use of the area between two ICCs stands
out from other methods (Ironson & SubkovidRky79; Kim & Cohen, 1991; Raju, 1988; Rudner
et al., 1980a, 1980b; L. Shepard et al., 1981). Th& i Raju is particuldy interesting due to
the conceptual interpretation that the area bettlee ICCs for two groups represents DIF.
Rudner identified thisonceptual interpretation years agoawthe “used the area between pairs
of equated icc's to indicate the relative amairaberrance of each item, as well as visual
inspection of the equated icc'spmvide additional information peining to the nature of the
aberrance” (Rudner et al., 1980a) (p. 223). Howeaesearch utilizing tharea between ICCs is
still limited.

Sample size has always played, and will contitouglay, an important role in identifying
DIF. Another area of interesttige ability to identify the size dIF for particular items. Magis
and Facon (2012) used two DIF sizes of@nd 0.8 while comparing three DIF detection
methods in their simulation study. Jin and caless (2013) used three DIF sizes of 0.3, 0.5 and
0.7 to illustrate small, medium, and large D#&Spectively. Woods (201tpnfirms the general
range of 0.3 to 0.7 for DIF size in simulation sasd(p. 264). Thereforgye know the range of

DIF and the use of cutoffs toadtify items with and without ¥, but very few studies have
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explored the approach of sorting items by their [@\els as a starting point to identify bias. My
dissertation study explores the pility of ranking items baskon WAM values as a way to
evaluate the quality afems in an instrument.

My study adds to the knowledge base@F detection by introducing a weighting
method that is different from previous ICGamethods. The hypothesis is that the weighting
method enhances the information derived f@mamining the area between the ICCs and,
therefore, enhances researchers’ ability émiity DIF items. In addion, this study discusses
different ways to utilize WAM values in a DIFusly and presents both graphs and tables to show
WAM characteristics, with an overall goal ofpnoving 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.ldGe method built on previous work that
used the area between ICCs to identify iéfs (Kim & Cohen, 1991Raju, 1988; L. Shepard
et al., 1981). Researchers use #r1sa as an indicator of the amouohpotential bias associated
with items in an instrument. However, whagaling with small sample sizes the errors in
estimating the area increases, Whieads to increases in false positives and false negatives when
attempting to identify DIF items. Pasteasch suggests thaidking for DIF is more
challenging for samples sizes smaller than 2&Dgroup sizes smaller than 50 (Fidalgo et al.,
2004; Lai et al., 2005; Roussos & Stout, 1996). To address thes Issyplemented the use of
lICs as a weighting strategy to enhance thermédion 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 procedur@ 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. Martdenszel was chosen due to its popularity and
frequent use as a DIF detection method (lgd& Madeira, 2008; Hidalgo & Lopez-Pina, 2004;
Kristjansson, Aylesworth, McDowell, & Zubo, 2005; Mazor, Kanje&, Clauser, 1995;
Narayanan & Swaminathan, 1994; Tah§94; Wyse & Mapuranga, 2009).

WAM Calculation Process

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

1988, Rudner, 1977; Rudner et al., 1980a) byrapldiweighting strategy. Rudner recognized

the link between potential levels of item bawl the area between the ICCs. Scrams and
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McLeod (2000) offered a graphical approachhgssalculated confidence bands for each of the
ICCs, and theorized that locations alongdbdity scale where the bands did not overlap
represented local DIF. In these examples, rebees used the area either between the two ICCs,
or within a confidence band, without adding giging or emphasis on their estimated values.
However, unlike previous approaches, this dissertation study addeidlaing or emphasis
strategy (i.e., WAM) to the area between the ICCs to examine for DIF.

Calculating WAM values beginsy constructing ICCs for the items in a test or measure
for focal and reference groups (i.e., grougnd group R respectively), by estimating the
parameters for an IRT 2PL model, and thams$forming the parameter estimates for the two
groups into the same scale. The “mean and sigmpproach 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 exampleSkaid £ represent the mean item

difficulties and ¥ and 'l represent the standiadeviations of item difficulty parameter

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

can be completed by solving

E. . E

Then item and person parameters in the focalgare transformed by substituting x and y into

the following

X, y,andT
xt, Yy E

j
*
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(Embretson & Reise, 2000). Thansformation of the variables?' and E (case indicator j and

item indicator i) sets the focgtoup 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 ebthiing successive rectangles every 0.005 units
along the latent construct beten — 5.0 to 5.0. These repradée edges of the unweighted
areas between the two ICCs, which is calcul&edumming the area within all rectangles.

With WAM, as shown in Figur8.2, weights are applied to thasetangles based on the height
of the 1IC at the construct lottan of each individual rectangléMultiplying the value for the
height of the 1IC by the area of the correspogdiectangle provides theeighted area values,

and the sum of the weighted triangle valuesag@nts the amount of DIF for that particular item
for the two groups. The estimate of the weiglaesh between the ICCs for a single item is the
WAM value. Therefore, items with smaller \ghied areas (i.e., smaller WAM values) represent
items with less DIF than those with lergveighted areas (see Figure 3.1).

In addition to the difficulties typicallgxperienced with sall group sizes, many
procedures for detecting DIFYemore difficulty identifyingDIF items that have their 50%
probability of endorsing an item fall near the exteavalues of the latent construct (Wang et al.,
2008; Wollack, Bolt, Cohen, & Lee, 2002). The WAapproach of weighting the area between
the ICCs along the entire construct range mesisupport to explore ites with varying 11C
characteristics while controlling the potentiadtycessive 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 recatdsdhe area between the ICCs. In other words,

the area between the curves where the IIC is l@glesents the area related to more precision
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(i.e., ability to differentiate heveen respondents) than the andeere the 1IC is lower. This
weighting strategy adjusts the total area sum by giving more weight to areas that are located
along the levels of the latenbrstruct where the IIC indicateghier precision. Areas along the
latent construct that show lower IIC values reedess weight (see Figure 3.1). The process of
weighting the areas between the curves using thenfl@mation is expected to provide a clearer

picture of DIF, even when ¢hitems fall along the extremes.

Lower Weightin Wl
ghting Lower Weighting

Higher Weighting

V—Aﬁ

P(0)

Focal Group ICC
Reference Group ICC
[IC for item

Probability of Endorsement

Figure 3.1: ICCs for Two Groups and the Associated 11C

Finding the weighted area between the two |@&giires the calculation of two values at
intervals along the latent construct (i.9., The first value represents the amount of ICC
separation (the area of each rectangle) and tlemda@lue represents the height of the IIC at the
middle of the rectangle. Becaube interest of most DIF stigb is on the smaller group (i.e.,
focal group) that is potentially at a disadag#, the 11IC curve for the larger group (i.e.,
reference group) was used for the weighting fackoraddition, the larger group is more likely

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

— — U1

defined asWAM, ' G |R, 7 R, | vhere 5 4995 4990, 4.985,..5

75
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where G( ) represents the height of the IIC aPxi( ) represents the probability of answering

correctly for the focal group anckP ) is the analogous probability for the reference group, for
itemi. G( )is defined a§R,( )L R (7]} . Rsi( ), the piobability of answering correctly

1

T (i.e. the 2-PL model for dichotomous data). Figure
e Ri Ri

itemi, is defined as;, ( 7

3.2 shows the definition of components of WAM a single value o.

focal group
~——— reference group
: i@

Py (6,)

Pri(6y)

Probability of Endorsement— P(0)

Latent Construct— (6)

Figure 3.2: WAM at a Single Value o

Therefore, the sum of the weighted areas for aniitgm®., WAM value) represents the
level of DIF for that item when comaped to other item WAM values.
Simulations

To study the effectiveness of WAM, | exarath21 different combinations of focal and
reference size. Because the most frequenty gsoup size in previous research falls between
100 and 1000 and an interest of this dissertaiody was on small samples, | chose a range for
group sizes from 30 to 1000 respondents. Intaad to simulate situations where a minority

focal group is potentially at a disadvantage, shmulations examined included only those in
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which the reference group sizdasger than or equal to thezsiof the focal group. Table 3.1

shows group size combinations. The left coludamtifies 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 bglinding three modeled DIF sizes. The three

sizes represent small, medium, and large DIfbayipulating item difficulty values for the focal

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

same while varying difficulty parameters forawroups was the approach used by Swaminathan

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

medium, and large effects are 0.3, 0.6, and Ospedively, thereby prading coverage along

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

scenarios resulted in 63 diffetecombinations revieweid this dissertation study.

Table 3.1: Scenario IDs ldentifig Focal and Reference Group Sizes

Focal Group Size

Reference
Group 30 50 100 200 500 1000
Size
30 SIM30F30R
50 SIM30F50R SIM50F50R
100 SIM30F100R SIM50F100R SIM100F100R
200 SIM30F200R SIM50F200R SIM100F200R SIM200F200R
500 SIM30F500R SIM50F500R SIM100F500R SIM200F500R SIM500F500R
1000 SIM20F1000R| SIM50F1000K SIM100F1000R SIM200F1000R | SIM500F1000R SIM1000F100d
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Data

Five hundred datasets were generated for eastbination that represented a specific
focal and reference group size and modeled DA&. sEach dataset consisted of ten binary
variables per pseudo respondent correspondingrtect or incorredfi.e., endorsed or not
endorsed) responses. Ten items were gemkbaeause early testing showed significant
increases in cpu time when the number of véemincreased beyond ten, and ten represents the
number of items frequently found &hort scales or measures.

The combination dictated the number of respondents for each dataset. For example, ID
SIM50F200R represents a combination with 8@@asets, each with a focal group containing
simulated respondents for 50 people on ten itamdsaareference group with simulated responses
from 200 people on ten items. M@binations associated with SMALL DIF have datasets with
modeled DIF size of .3 in the one item simulating possibility of individuals in the focal group
being at a disadvantage. Thisms a real life situation in which a small minority group scores
lower on an exam, or when, for example, Padglanders score highen a depression scale
than non-Pacific Islanders, or when a small grouipdit/iduals with a specific handicap score
differently on a survey instrumetitan those without the handicap.

These examples illustrate situations in vithilse smaller group (i.e., focal group) may be
at a disadvantage inappropriatdiye to a DIF item. A DIF item in these situations carries the
potential for researchers, cliniaig, or educators to incorrectlyt@npret individualstrue level on
the construct measured by the test or instruméhat is, the DIF item in the data sets favors the
reference group.

The datasets were generated by Mplus #&o# using its Monte-Carlo routines. The

Mplus code used to create tthatasets was written and executed by SAS macros. For each
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combination, SAS read information from ancgkfile (see Appendix Ipat 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, parametation of Mplus’s factor analysis model

parameters are slightly different from the 24RT model. For example, Table 3.2 shows values

for the first dataset creat@dthe combination SIM200F200R with DIF size MEDIUM.

Table 3.2: Parameter Values and Estimates For a Single Dataset

BILOG_MG Estimates

Focal Group

item a b

1 0.912 2.141
2 1.641 | -0.469
3 0.598 | 2.226
4 0.916 | -1.363
5 0.477 2.782
6 1.052 | -0.335
7 0.513 1.801
8 1.220 | 0.066
9 0.813 | 0.700
10 0.295 1.051

Reference Group

item a b

1 0.912 2.154
2 1.641 | -0.472
3 0.598 | 2.233
4 0.916 | -0.907
5 0.477 2.788
6 1.052 | -0.338
7 0.513 1.805
8 1.220 | 0.059
9 0.813 | 0.704
10 0.295 1.046

Mplus Estimates

Focal Group

item a b
1 0.881 1.916
2 1.967 -0.224
3 0.575 1.996
4 0.895 -0.980
5 0.35(0 3.13b
6 1.153 -0.124
7 0.413 1.907
8 1.231 0.178
9 0.855 0.67y
10 0.064 3.919

Reference Group

item a b
1 0.895 2.176
2 1.837 -0.468
3 0.552 2.38b
4 1.137 -0.780
5 0.387 3.378
6 1.114 -0.337
7 0.45Q 2.025
8 1.393 0.042
9 0.753 0.724
10 0.093 3.26D

Pre-Monte Carlo For Mplus

Both Groups
item a

.7
=

ololo|lo|o|o |+ |o |
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Table 3.2 shows the parameter values usdigeiiMonte 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 parameterizationsmafdels involving binary items see Kamata and
Bauer (2008).

Because | examined 63 unique combinatieash with 500 repli¢eons, 31,500 datasets
were created and examined in this dissertatiodyst A file structure uag the scenario IDs was
used to manage the large amount of datdtregudrom the execution of these analyses (see
Appendix L). The 31,500 datasets represesitaulated study environment containing 31,500
focal groups and 31,500 reference groups comgia total of 5,010,000 individuals in focal
groups, 14,595,000 individuals in refecergroups, and 196,050,000 answered items.

SAS Code Construction

The development of SAS macro code reglibeeconduct this dsertation study began
with the identification of three major sectiomiscode, hereafter named Parts 1, 2, and 3. The
first part generated data, estimated the IREumeters, and estimated area (i.e., computed
Rudner’s area between ICCs) and WAM estimafBse second part conducted the Mantel-
Haenszel analysis, and the third developedstieps 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 formattinguyflus generated data and then conducted
the Mantel-Haenszel analysis. The PacbBtrolling macro was called SIM_RESULTS and
managed the analysis of WAM, the comparisoeftéctiveness between the three DIF detection

methods, and also created graphs and chartkelParts 2 and 3, Pattrequired the design of
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multiple controlling macros. Part 1 contnegy macros were named SASIRT _CONTROLLER,
MPLUSIRT_CONTROLLER, CREATE_CONTROLLE, and WAM_CONTROLLER. These
controlling macros managed the estimatiohRoF parameters, equated the parameters, and
calculated area and WAM valuel addition to the controllinghacros already mentioned, two
additional macros were credteSIM_CONSTRUCTIONmanaged the creation of Mplus code
to run the Mplus Monte Carlroutines (i.e., code treate simulation data).
SIM_CONTROLLER managed the overall catjiof controlling macros. A graphical
representation of the SAS macro adtucture 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 getlist of dataset names to analyze for that
specific combination. SIM_CONTROLLER then sém file list to one ofwo sets of macro
routines to calculate IRT parameter estimatasan initial approachgne set of macros was
designed to estimate the parameters using SAEMIXED procedure. However, after many
attempts to improve the efficiency of NLMIXE 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 Mplusotwduct the analyses to obtain the parameter
estimates. Preliminary testing verified simiggtimations among the two sets of routines, so
Mplus estimates were adoptixt this dissertation study.

Once the parameter estimates were obtainefbéal and reference groups, macros were
executed to check the validity of the data andyamakesults. This tluded checking that the
estimates were not out of the analyzable rageaximum value of five was used to allow data

with somewhat extreme ICCs before decladngtem not analyzablge., invalid). Next,
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macros were run to set the focal group patamnseon the same scale as the reference group
parameters, and invalid or failetialyses were managed by sejtitem parameters to O (i.e.,
removing the items from DIF consideration)tBe following simulations would be completed.
Next, Area and WAM values werelcalated and stored in anticifi@n of calling the routines in
Part 3. Appendix O presents a graphical reptasien of the macro calls for Part 1 and shows
the variables that are passed between theos during execution for both sets of macro
parameter estimating routines (i.e., SAS'RRNLMIXED and Mpluss IRT procedure).
SAS macros Part 2

Macros in Part 2 conductedetiMantel-Haenszel analyses oe files associated with the
dataset names collected at theiahistart of the run foeach combination. At the start of Part 2,
macro routines manipulated the data into theiredqdormat for SAS’s PRC FREQ procedure.
The PROC FREQ procedure conductee Mantel-Haenszel analysis data from the focal and
reference groups. The SAS macro that ran PROBJF&so stored, in separate files for each
dataset, output from the analyses that includéd 8énfidence intervals for the item odds ratios.
After the analyses were completed and analgsgsut stored, a macro routine was called to read
the analyses’ output that identified, by reagthe odds ratios, itemgth significant Mantel-
Haenszel test values. These fimgh 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 éhfindings from the three predures (i.e., Mantel-Haenszel,
Area, and WAM) to present the overall residased on each combination. Part 3 macros
manipulate data created from the execution of osaitr Parts 1 and 2 to allow the creation of

various tables and graphs. Information intdddes and graphs incled 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/disagee¢ivetween the three methods. Appendices A
through G present some of the tables and grapgeted 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 camdtions, extensive testing was conducted to
validate macro performance. Each macro wagyded initially as a ahd-alone routine that
either created, formatted, calculated, or yredl data — dependirug the macro’s primary
purpose. This macro design approach pray@eneans to either manually validate its
performance by close visual review of macrgpoutit(i.e., by reviewing da in files) or by
replicating data calculations with other toolslsas Excel and Mplus. One important process
that was tested was the replication of ICC addlrves using Excel. Treplication validated
the calculations performeditlin the SAS macros. Oncediidual macro performance was
validated, the component macros were addedaaso calls within theppropriate SAS macro -
Part 1, 2, or 3. In addition, performancesath of the three Parts was also validated
independently before combining thémto a comprehensive routine.

An important component to validating gertechdata and analyses was the monitoring of
the actual execution of data generation 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 filed included the startingltto the initial macro,
progress of parameter estimates through the lifsieafiames, and notices of calls to controlling

macros in Parts 1, 2, and 3. An examplarogxecution log is in Appendix I.
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Another important component of validatingetinacro routines was the clean-up of past
output from each previously executed comborati Hundreds of temporary work files were
created during execution of the replicationsdach combination, so additional macro code was
included in macros that creatednkdiles. This added codedh deleted these temporary work
files just prior to passing control back tetballing macro, which wodlverify that lingering
information would not influence future simulat® 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 n@cand an Excel file made it possible to
rerun specific combinations with two simpleenacalls - one to remove any lingering data or
files from a previous combinatn run, and a second to executee for any subsequent set of
group sizes. This provided affieient approach to testing amdtesting macro code on smaller
sample sizes, thereby allowing the complete etten of a particulacombination in minutes
rather than hours. As the size of the macro apder (i.e., with increased numbers of macros in
the calling structure) this abilityecame crucial to testing code effectively. More specifically, a
64" combination was added that was used onbgs$b the macro code using very small group
sizes (i.e., group sizes of 5, 10, &t). The scenario ID associateith testing is named SIM0OO
and references to this combination are in diffé Appendices. Indalition, all the SAS macro
code used in this dissertationidy is presented in Appendix H.

Analyses

The review of WAM'’s performance includessassment of both the ability of WAM to

select the item modeled to have DIF, a#l e comparison of WAM'’s DIF-item identification

ability with that of two other [F detection methods. Given thatstatistical significance test is
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proposed for the WAM analysis, ranking of WAMIues was used to examine item-selection
effectiveness. The rationale is that once thastare ranked according to potential levels of DIF
(i.e., WAM values), subject expgs can review item contentasting with the items with the
largest WAM values. In addition, when adjacg@tns in the ranking show large difference in
WAM values, this indicates potential separation between itemsawdtwithout DIF. Using this
suggested ordering of items, subject expert®Heeed a starting place tmegin the review of
items that may be biased. Therefore, rankinigeohs by their WAM values was used in this
dissertation study to identify DIF item select effectiveness and when comparing the
effectiveness of WAM to two ber traditionally used DIF dettion methods — Rudner’s Area
method and the Mantel-Haenszel procedure.

The effectiveness of WAM was examineddajculating the frequency with which WAM
selected the modeled DIF item across the capbns for each combination. This included
examining the correct selection frequencies wir@up sizes were small, when the focal and
reference groups were close in size and whey were not, and examining the WAM ordering
of items across the combinations. WAM seledtenhs by identifying the one with the largest
WAM value. Next, items selected by WAM warempared to the items selected by the Area
method. The comparison included the seledianilarities/differences among the different
combinations and analysis of how this mgad as the group sizes changed. Following the
comparison of WAM to the Area method, WAM ite@lection was compared to the findings of
the Mantel-Haenszel analyses (i.e., items wigimisicant Mantel-Haenszel test values). Again,
this was done for all combinations. In addliti because the Mantel-Heszel is a significance

test, an additional comparison was conductBads additional comparison began with the
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assumption that the items Mantel-Haenszel idettiéis significantly differg actually had DIF,
and then examined the frequency in which WAM identified these same items.

The last set of analyses was a comparisf all three methods. This comparison
involved the review of trends item selection similarities/tlerences as group sizes changed
(i.e., across the various combiimas), thereby provigig a look into group size effects on the

three methods.
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RESULTS

The results of this dissertatistudy are presented in four magarctions 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 scesof different group sizes and three modeled
DIF sizes (SMALL, MEDIUM, and LARGE). Send, 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 coraped to the statistical significance findings of
the Mantel-Haenszel procedure, again on the @3awations. Lastly, section four presents
information on the overall performancedaeffectiveness of the three methods.

WAM Performance

For each of the 63 combinations, Mplus’s Monte-Carlo routines were used to create 500
datasets that represerspondents from focal and refecergroups. The 500 datasets were
analyzed (recognizing that some analysediiadl to randomization within the Monte-Carlo
routines, or the analysis of atdaet produces parameter estimates that are too extreme to be used
in a study — see Figure 4.10) thasulted in 5000 WAM values — t@ems per dataset. To better
understand the many possibilities of WAM valaesl the influence of using an ordering
technique to identify DIF in a set of items, \WAnformation collected from the thousands of
replications in this dissertat study is presented in graphslamarts. For example, Figure 4.1
shows WAM values for two items (#3 and #4}he combination with group sizes for both focal
and reference groups at 200 and a DIF size oDNIB/. This figure slows 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 responsedfdems in which one of the 10 (item #4)
was modeled with DIF. Because only onent@as 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,dbithree 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 &aARGE (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 pertages for balanced group sizéhe presentation of all three
modeled DIF sizes shows the change in iterséidction percentages hdor the change in

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

Figure 4.3: WAM Selection Perceges 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%mp@onng scenarios with balanced number of
respondents for focal and reference group to lamicad group sizes finds that the mean

percentage for balanced grosize scenarios was 60.82% anddabalanced group scenarios
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the mean percentage was 17.75%. FiguresHodvs the item #4 selection percentages for
SMALL DIF size for both balaced 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. Libss 10% can be considered worse than random,
and percentages larger than 10% indicate gmawement in selecting the modeled DIF item due
to using WAM estimates. Figure 4.4 shows thigda selection percergas when group size is
balanced. A 95% confidence interval for thegeetage correct identifation 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 theden percentage for these two are also well
above the 10% guideline. Figures 4.7, 4.8, aAgdesent the same percentage values shown in
Figures 4.2 and 4.3, but turn the focus titedences by group sizes for SMALL, MEDIUM, and

LARGE modeled DIF.

Figure 4.4: Selection Perdege for WAM with SMALL DIF
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Figure 4.5: Selection Percegtafor WAM with MEDIUM DIF

Figure 4.6: Selection Percegeafor WAM with LARGE DIF

Connecting the selection percentage vaiuigls lines by reference group size show the
similar increase in selection percentagéoasl group size increases for all three DIF sizes
(Figures 4.7-4.9). In addition, the three figusbsw that selection percentage for each reference

group size is the larges wheretfocal group size reaches the size of the reference group.

46



Figure 4.7: WAM Selection Pegentages by Group Size (SMALL)

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

One unexpected observation ig farger increase in selewt percentages when focal
group size matches the reference group size (ilanted). The increase is assumed to be
associated with the increase in power tblidows the involvement of more responses, and

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

an important topic for future research.

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

Table 4.1 presents the percentages of titees 4 is flagged by modeled DIF size and
group size, as well as the mean percent, and rfangiee 21 scenarios. Mean percent values for
the three DIF sizes are 30.05%, 34.41%, and8%8, respectively. Using SPSS 21, a repeated
measures ANOVA was conductedtést the possibility that theelection percdages for the
three DIF sizes are different. The results shat significant mean differences do exist for the
factor of DIF size (see Table 4.2).

The pairwise comparisions following thepeated measures AN show significant
mean differences among the three DIF sizega{pe = .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 Percege 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% 22.019% 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% 31.449% 24.38% 13.07%6
100F500R 17.58% 24.54% 28.40% 23.51% 10.82P6
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% 28.70M0
500F500R 82.80% 83.80% 82.00% 82.87% 1.80%
500F1000R 27.80% 52.60% 64.60% 48.33%  36.80P%0

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 ottigres an analysis may result in too extreme
estimate values to be usable. This was thewdbesome of the datatsein this study. The
smallest N (i.e., the number of analyzabledats within the scenarios) was 332 (i.e.,

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

Tests of Within-Subjects Effects

Measure: Percentage

Source Type IV Sum df Mean F Sig.
of Squares Square
Sphericity Assumed 555.963 2 277.981 9.611 .000
Greenhouse-Geisser 555.963 1.074 517.709 9.611 .005
oIF Huynh-Feldt 555.963 1.086 511.987 9.611 .004
Lower-bound 555.963 1.000f 555.963| 9.611 .006
Sphericity Assumed 1156.935 40 28.923
Greenhouse-Geisser 1156.935 21.478 53.867
Error(DIF)
Huynh-Feldt 1156.935 21.718 53.271
Lower-bound 1156.935 20.000 57.847

Table 4.3: Pairwise Comparisons of WASelection Percentage by DIF Size

Pairwise Comparisons

Measure: Percentage

() DIF (J) DIF Mean Std. Error Sig.? 95% Confidence Interval for
Difference Difference®
(I-J) Lower Bound Upper Bound

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

LARGE -7.225" 2.297 .015 -13.227 -1.223

SMALL 4.360" 1.363 .014 .798 7.922
MEDIUM )

LARGE -2.865 1.062 .041 -5.639 -.091

SMALL 7.225" 2.297 .015 1.223 13.227
LARGE

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 didvdatasets from the three DIF size
combinations for each of the 21 scenariose figure shows that all the datasets from the

initially created 500 in each scenario weadid once the group sigavere 200 or larger.
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Figure 4.10: Valid Dataset Count for Scenarios

In addition to reviewing the selectigpercentages among the 63 combinations,
descriptive information on WAM values was revalv Appendix A contains sets of graphs for
each of the 21 scenarios, wherelach set presents descriptive information (i.e., minimum,
maximum, and median) on WAM values for theee modeled DIF sizes. The descriptive
information is presented in graphical fornaaid shows the ten items sorted by their WAM
median values. Similar to the information prdedrin 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.3in Appendix A show the completadering 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 showatams in the spread tiie estimates as group

sizes change. Understandably, because WAM lzdions are closely tied to the accuracy of
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IRT parameter estimates, the box-and-whiskers @obw decreases iretlstandard errors as
group sizes increase. This is particulartticeable when comparing the plots among the
combinations for the items that were not meddo have DIF (i.e., items other than #4).
WAM vs. Area
Similar to WAM, DIF identification usinghe Area method is based on ordering the
items from smallest to larges in terms cdafi.e., space between ICCs) and selecting the item
with the largest Area value as most likely tothe modeled DIF item. Because this dissertation
study modeled only one item to have DéBmparing WAM to Area is accomplished by
comparing the frequency with which the twothwls identify item #4 out of the 10 items.
Figure 4.11 presents, for the 21 scenarios witltABMmodeled DIF, thepercentage of times
item #4 was identified as the modeled DIF itemafuhe 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 thes2&narios. The group sizes were balanced in all
four instances in which the Area method waperior. However, when comparing these
identification rates, WAM sucssfully identified tle DIF item on an average of 12.08% more
than the Area method, and the Area method sgggthWAM only 5.48% of the time on average.
Importantly, when group sizes were unimalad, WAM always outperformed the Area

method, as Area never identified DIF at greater ttfteance rates. A 95%onfidence interval for
the mean identification rate for only the utareced groups (n=15) is [3.84%, 5.72%] - well
below the 10% random selection rate. In &ddj a Pearson correlatidcretween the selection
percentages for Area and WAM is 0.98 (n=21), and a paired t-test:fprakea) = wawm) at
.=0.05 shows a significant mean differerfpe0.001). Figure 4.12 and Figure 4.13 show the

WAM vs. Area selection percentages for MEIDM and LARGE modeled DIF, respectively.
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Figure 4.11: WAM and Area Item #4 8etion Percentage by Scenario (SMALL)

Figures 4.12 and Figure 4.13 show ressiltsilar to those in Figure 4.11 for item #4
selection percentages amongsarios except that the Area method always selects more
frequently item #4 than WAM when group sizge balanced. Another observation is the
tendency for both methods to increasingly seateat #4 as the group sizes increase (i.e., which
is a reflection of the increased power larger sample sizes), and that this increase is larger for
larger modeled DIF sizes (i.e., 3L to LARGE modeled DIF).

A 95% confidence interval for Area selectiparcentages for only ¢hunbalanced groups
(n=15) for MEDIUM modeled DIF is [5.29%, 7.63%and it is not until modeled DIF is LARGE
that Area’s 95% confidence interval incorptas the 10% guidelifer random selection -
[5.09%, 11.04%]. In addition, the percentalifference between the two methods increases as
modeled DIF size increases (see Table 4.4). inpdies that the differences in performance
between Area and WAM are greater for larger DIF sizes.

Table 4.4 shows that as modeled DIF increaesdifference in frequency of selecting

item #4 increases. This is a clear indication YWa&tM is not performingas a replicate of the
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Area method, and that introducingvaighting strategy does influea the identification of items

with DIF characteristics diffently than the Area method.

Figure 4.12: WAM and Area Item #4 Select Percentage by Scenario (MEDIUM)

Figure 4.13: WAM and Area Item #4 Select Percentage by Scenario (LARGE)

Table 4.4: Selection Percentdgiéference Between Area and WAM

Modeled DIF Mean Selection Difference Mean Selection Difference

Size WAM Surpassed Area Area Surpassed WAM Combinations
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, gragi®owing WAM, Area, ICCs for focal and
reference groups, and IIC values along thentatenstruct were examined. The graphs
represented the item with the largest WAM eafar each combination (see Appendix B), which
offered a graphical presentatiohWAM'’s weightingstrategy along the tant construct in
comparison to Area, ICCs, and IIC values.e@f WAM'’s theorizedbenefits is the down
weighting areas between the lICglire extremes of the laterdrestruct (i.e., less than -2.0 and
greater than 2.0). This benafdn be seen graphically in aM®f the sets in Appendix B (e.g.,
B.3, B.8, and B.13) where the graphs represemn¢mmes in parameter estimates and differences
between the focal and reference groups.

WAM vs. Mantel-Haenszel

Unlike WAM, in which the ordering identifiegems that have DIF characteristics, the
Mantel-Haenszel procedure idergg only items for DIF considdran that have statistically
significant Mantel-Haenszel valuesience, lack of power when analyzing smaller groups may
not allow the opportunity for Mantel-Haenszel temtify any item with DIF in certain cases. In
such situations and in the dseds for this dissertation study,tridentifying a DIF item does not
necessary mean one does nottexi$erefore, the comparisah WAM to Mantel-Haenszel is
the comparison of WAM — that always identifies onest likely DIF item out of the list of 10 —
to the Mantel-Haenszel procedure, that wilestall items with gjnificant Mantel-Haenszel
values in the list of 10, or none if there are mm#icant values. SAS code was written to read
the confidence interval of the odds ratio to deteensignificance. As a demonstration of SAS’s
Mantel-Haenszel analysis output, Appendix D digplan graphical format, the odds ratio from

the Mantel-Haenszel procedure for the ten itenmssimgle simulation. The graphs in Appendix
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D represent output for the first dataset in the ager{i.e., 21 sets of graphs for three modeled
DIF sizes).

Figure 4.14 shows, for the 21 scenarios VBMALL modeled DIF, the percentage of
times item #4 was identified as the modeled DImitaut of the total number of valid analyses

for both WAM and Mantel-ldenszel procedure.

Figure 4.14: WAM and MH Item #8election Percentage (SMALL)

WAM consistently selected item #4 mdrequently than Mantel-Haenszel for group
sizes below 500. Once group size reached @dtel-Haenszel selected item #4 more
frequently than WAM except for combitian SIM500A500B-SMALL (i.e., balanced group
sizes of 500 for the combinati). A paired t-test for &1 pwam) = pyvry at .=0.05 for SMALL
modeled DIF shows a significant mean differeig<0.01). However, a similar t-test for
MEDIUM modeled DIF did not show a significamean difference (p=0.41). In addition, if
Mantel-Haenszel's selection percentages for anatlmns with only unbalanced groups are used
to calculate a 95% confident®erval, the resuttare [7.64%, 21.36%] which includes the 10%

base rate.
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Similar to Figure 4.14, Figures 4.15 drigure 4.16 show differences in selection
percentages for WAM and Mantel-Haenszehframong the 21 scenarios for MEDIUM and
LARGE DIF sizes. For MEDIUM modeled DIFMantel-Haenszel selected item #4 as the
modeled DIF item almost 100% of the timece group size reached 500, and for LARGE
modeled DIF reaching almost 100% occurredratp size of 200. 95% confidence intervals for
MEDIUM and LARGE modeled DIF for Mantel-&énszel and unbalanced groups are [20.55%,
49.49%] and [38.87%, 67.69%], respectivelynlike the confidence interval for SMALL
modeled DIF, these two confidence intenddsnot include the 10% guideline for random
selection. As modeled DIF size increasesfitbguency in which Mantel-Haenszel selects item
#4 surpasses WAM. A t-test for mean percgatdifferences 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 forma-Haenszel more than DIF size influenced

WAM. This is more apparent in Table 4.5.

Figure 4.15: WAM and MH Item #8election Percentage (MEDIUM)
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Figure 4.16: WAM and MH Item $ection Percentage (LARGE)

Table 4.5 shows the percegéachange moving from SMALL to MEDIUM modeled
DIF, and from MEDIUM to LARGE, for bothWAM and Mantel-Haenszel. The highlighted
change percent values are those larger 1886. Only six valueare highlighted for WAM
compared to 29 values for Mantel-Haensialicating that the atering of items by WAM
values is not nearly as infloeed by modeled DIF size as themdification of significance used
by Mantel-Haenszel. Calculating 95% confidemntervals for the means across columns in
Table 4.5 result in [1.69%, 7.03%)], [0.78%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. Theseonfidence 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 gynificantly different from that for WAM
MEDIUM-to-LARGE, and similar non-significariindings were identified for Mantel-Haenszel

differences between SMALL-to-MBEDM and MEDIUM-to-LARGE.
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WAM vs. Area vs. Mantel-Haenszel
To explore further factor differences fdl tairee methods, selection percentage values
were entered into a dataset that linked theseeptage values to referee group size (ref), focal
group size (focal), modeled DIF size (DIF_groupgthod (i.e., WAM, Area, or MH), and
whether a value was from a balanced group sieeaio or an unbalance one (balanced). This
constructed dataset was usedaaduct the following analyses.

Table 4.5: Selection Percentage @@ influenced by Modeled DIF size

WAM Mantel-Haenszel
SMALL to MEDIUM to SMALL to MEDIUM to
Scenario MEDIUM LARGE MEDIUM 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 ANOW#as conducted using selection percentage as the
dependent variable amdethodas the factor. Levene’ssteof equal variance failegp£.003), and
even though the analysis showed statistically significdfgrdnces between method means
(F(2,63)=3.359p=.037), Games-Howell post-hoc tests showedtatistically significant mean
differences between any twmethods (see Table 4.6).

Table 4.6: One-way ANOVA Post Hoc Tdst Selection Percentage by Method

Dependent Variable: percentage

Games-Howell

() J) Mean Std. Error Sig. 95% Confidence Interval
method_group  method_group Difference Lower Bound | Upper Bound
(-9)
Area 9.77333 4.87725 116 -1.8070 21.3537
WAM
MH -3.45810 5.18647 .783 -15.7806 8.8644
WAM -0.77333 4.87725 .116 -21.3537 1.8070
Area MH -13.23143 5.78189 .061 -26.9486 4857
WAM 3.45810 5.18647 .783 -8.8644 15.7806
M Area 13.23143 5.78189| .061 -.4857 26.9486

Next, a repeated measures ANOVA was cotellicsing selection percentage as the
dependent variable, but this tirnalancedwas identified as a betweéarctor (i.e., whether group
size was balanced or not) am&thodwas identified as a within factor. The results concurred
with the One-way ANOVA in that mean differencesrbgthodalone were not statistically
significant. However, statistidly significant mean differencesere found for the combination
of balancedandmethod(see Table 4.7). In addition, thet®of between subjects effects for
balancedwas also significant (p<.001)able 4.8 shows mean sdlea percentages for the two
factorsmethodandbalanced

A second repeated measures ANOVA was conduttat used seléon percentage as

the dependent variable, modeRlF sizeas a between factor, antethodas a within factor.
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The analysis showed statistically significant mean percent differencestobod modeledDIF
size and for the combined modelBdF sizeandmethod(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 df Mean Square F Sig.
of Squares
Sphericity Assumed 670.462 2 335.231 1.582 .210
Greenhouse-Geisser 670.462 1.104 607.395 1.582 214
Method
Huynh-Feldt 670.462 1.128 594.570 1.582 .215
Lower-bound 670.462 1.000 670.462 1.582 213
Sphericity Assumed 16900.903 2 8450.451 | 39.875 .000
Method * Greenhouse-Geisser 16900.903 1.104 15311.119| 39.875 .000
balanced_YN Huynh-Feldt 16900.903 1.128 14987.831| 39.875 .000
Lower-bound 16900.903 1.000 16900.903 | 39.875 .000
Sphericity Assumed 25854.767 122 211.924
Greenhouse-Geisser 25854.767 67.334 383.979
Error(Method)
Huynh-Feldt 25854.767 68.786 375.872
Lower-bound 25854.767 61.000 423.849

Table 4.8: Mean Selection Percegea by Factors Method and Balanced

Measure: Percentage

balanced_YN  Method Mean Std. Error 95% Confidence Interval
Lower Bound Upper Bound

AREA 6.439 1.895 2.651 10.227

No MH 34.268 5.044 24.182 44.355
WAM 22.447 2.175 18.097 26.797
AREA 68.399 2.996 62.409 74.389

Yes MH 45.135 7.976 29.186 61.084
WAM 62.584 3.440 55.707 69.462

After verifying that there was enough represgatafor all the factor combinations (i.e.,

N > 5),balancedwas added to the model as a thirddactThe results from this three-factor

61



ANOVA model showed large amouat explained variance (Adjtesd R Squared = .521). The
analysis showed that by addibglanced mean percentages farethodare no longer statistically
different, but mean percentages for the combmethodandbalancedare (see Table 4.10).

Table 4.9: Repeated Measures ANOVAngsMethod and DIF_group as Factors

Measure: Percentage

Source Type IV Sum df Mean Square F Sig.
of Squares
Sphericity Assumed 5933.491 2 2966.745| 10.316 .000
Greenhouse-Geisser 5933.491 1.097 5407.754 | 10.316 .002
Methods
Huynh-Feldt 5933.491 1.140 5206.706 | 10.316 .001
Lower-bound 5933.491 1.000 5933.491 | 10.316 .002
Sphericity Assumed 8246.881 4 2061.720 7.169 .000
Methods * Greenhouse-Geisser 8246.881 2.194 3758.084 7.169 .001
DIF_group Huynh-Feldt 8246.881 2.279 3618.367 7.169 .001
Lower-bound 8246.881 2.000 4123.441 7.169 .002
Sphericity Assumed 34508.789 120 287.573
Greenhouse-Geisser 34508.789 65.833 524.186
Error(Methods)
Huynh-Feldt 34508.789| 68.375 504.698
Lower-bound 34508.789 60.000 575.146

Turning attention to group sizeay; ANOVA was conducted with factobglancedand
reference group sizegf). Though the analysis showedtsdtically significant differences
betweerref percentage meang<.001), The Tukey HSD Post Hoc test showedeigroup
pairing with significant meadifferences (i.e., p-value ranged from 1.0 to .088).

However, the Tukey HSD Post Hoc test following the ANOVA, after replacing feaftor
with focal group sizef¢cal), showed multiple focal group paig with statistically significant
mean differences (see Table 4.11). Anothsultdrom this ANOVA model was the increase in
Adjusted R Squared to .599. A graph containhmgestimated marginal means of selection

percentages for both balanced and unlz@dmroup sizes is prested in Figure 4.17.
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Table 4.10: ANOVA with Rctors Method, Modeled DIF Size, and Balanced

Dependent Variable: percentage

Source Type lll Sum df Mean F Sig. Partial Eta
of Squares Square Squared
Corrected Model 96009.360? 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 * 257.288 4 64.322 .148 .964 .003
Balanced
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, theltestere based on the frequency with which
item #4 was selected (i.e., modeled DIF itetdpwever, due to the randomness within the
Monte-Carlo construction of the datasets, imesimulations an item other than item #4 may
have the largest DIF characteristic. To include plissibility within the reiew of the results, a
comparison of the frequency in which WAMdArea match the item(s) identifies as having
DIF by Mantel-Haenszel was used to examine isteiscy between the three proceedures. This
is accomplished by first identifying the item{#@antel-Haenszel selects as having DIF

characteristics, and then examining haften WAM and Area identify the item.
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Table 4.11: ANOVA with Faars Balanced and Focal

Dependent Variable: percentage
Tukey HSD
(1) focal  (J) focal Mean Std. Error Sig. 95% Confidence Interval
Difference (I-J) Lower Bound | Upper Bound

50 -2.8798 3.84520 .975 -13.9579 8.1983
100 -11.1808 4.09899 .075 -22.9901 .6284

30 200 -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
30 2.8798 3.84520 .975 -8.1983 13.9579
100 -8.3011 4.25980 .376 -20.5736 3.9715

50 200 -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
30 11.1808 4.09899 .075 -.6284 22.9901
50 8.3011 4.25980 .376 -3.9715 20.5736

100 200 -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
30 30.2478" 4.49022 .000 17.3114 43.1842
50 27.3680" 4.63748 .000 14.0073 40.7287

200 100 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
30 50.8389" 5.18486 .000 35.9012 65.7766
50 47.9591" 5.31290 .000 32.6525 63.2657

500 100 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
30 80.5833" 6.85893 .000 60.8226 100.3440
50 77.7036" 6.95622 .000 57.6625 97.7446

1000 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 numh#ritems Mantel-Haenszel selects across
scenarios, the results of the analyses are pes@nfrequencies 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 scenarigith SMALL modeled DIF size.

In cases in which Mantel-Haenszel did r@ntify an item, no matches are possible;
thus, zero does not always imply that mischas between WAM or Area and Mantel-Haenszel
exist but it means that no items to matath Mantel-Haenszelere available (e.g.,
SIM30F30R-SMALL). The information presendten Figure 4.18 shows that when using only
items identified by Mantel-Haenszel, WAM aAdea methods do not always agree. The

highlighted cells indicate which of the two methaodare frequently matched Mantel-Haenszel.
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When Area was favored, the matching fragpyedifference 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 w&s ITherefore, when Area matched Mantel-
Haenszel more frequently than WAM, Area heat identified five more items on average.
When WAM matched Mantel-Haenszel moreginently than Area, WAM identified 19 more
items on average. A paired t-test for meamber of items matching Mantel-Haenszel among
Area and WAM (i.e., Ikt parea) = wawm) at .=0.05) shows no significant mean difference
(p=0.086) for the data in Figure 4.18. Figdr&9 and Figure 4.20 show similar comparisons
between the two methods for MBDM and LARGE modeled DIF sizes.

For MEDIUM modeled DIF size, when Area sveavored the mean frequency difference
was 20.6 compared to a mean of 42.1 when W8 favored. The difference value was even
greater for LARGE modeled DIF — the meanentArea was favored was 38 compared with 60.7

when WAM was favored
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Figure 4.19: WAM and Aga Matching MH (MEDIUM)

Figure 4.20: WAM and Area Matching MH (LARGE)
A paired t-test for bt parea) = pwamy at .=0.05 for data in Figures 4.19 and 4.20 show
not significant and significant mean differen¢ps0.058 and p=0.048, respectively). Paired t-

test for the three modeled DIF sizes for only unfedal group sizes are all significant (p=0.021,
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0.010, and 0.002 for SMALL, MEDIUM, and LARGEggeectively). However, only one of the
paired t-tests for scenariostivbalanced 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 nigggquently selecting potential DIF items
than the Area method (i.e., while using iteidentified by Mantel-Haenszel as having DIF),
especially when group sizes are smaller (i.e., less than 200).

Continuing with the selectioof items identified by Mari-Haenszel, and to offer a
potentially wider view into WAM descriptes, the following provides information on WAM
value estimating in two conditions. Firsgxamined all combinations in which WAM and
Mantel-Haenszel selected the same item as\geIF. The remainder of combinations where
WAM and Mantel-Haenszel did not match is #szond condition. The theory behind creating
two groups to review WAM descriptives is sinmita 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, standdediation, 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 estimateroves (i.e., value of standard deviation
decreases) as the group size increases. The \d&Seriptives within ezh table show no signs
of differences in WAM estimates or differes in calculated WAM estimate range across the
two conditions (matched vs. otf)e Table 4.12 presents 95% cilgince intervals for the mean
WAM estimates for the three modeled DIF valaed the two conditions. The degree to which
the confidence intervals overlap between Matcki and Did Not Match MH is another sign

of the stability of WAM estimates.
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Table 4.12: 95% Confidence Imal for Mean WAM estimates

Did Not Match MH Matched MH
Modeled DIF size Lower Upper Lowe Uppe
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 f@ 21 scenarios. Each set of graphs shows
results by DIF size (i.e., SMALLMEDIUM, and LARGE). Eaclgraph is a bar chart showing
the number of times each of the 10 items wéecsad by the three methods (i.e., WAM, Area,
and Mantel-Haenszel). For WAM and Area methals item with the largest WAM and largest
Area value, respectively, to the top was selbatesulting in one item being selected for each
replication within the combirion. For Mantel-Haenszel, itenthat were identified as
significant were counted, leang the possibility of none tmany items selected for each
replication.

The charts in Appendix C show that all methedkect item #4 more frequently than the
other nine items in most combinations. tdaion, the charts shothat the frequency of
selecting items other than item #4 is notilmfor WAM and Area. For many combinations,
WAM is disproportionally selecting items #hd#2 more often than items #3 and #5-10, and
Area is disproportionally selecting more afitems #3, #5, and #10. The differences between
WAM and Area selection patternsasother example of WAM'’s vighting being distinct from
Area in selecting DIF items. Future research involving these observed selection patters is
important to understanding how tmove WAM into a more effeiwe tool to identifying DIF

items.
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Unlike WAM and Area, Mantel-Haenszel doed dsproportionallyselect items from
the list of nine non-DIF items. This is seerthe relatively uniform ditribution of the non-DIF
item (i.e., item #4) selection frequency for Martaenszel in the charts in Appendix C. The
range, when a selection distrilmrt was present, ranged betwexhand 30, and was consistent
for the 21 scenarios. The instances when thi®umilook was not present were when the group
sizes for the scenarios were lvadad. The influence of baleed group sizes on the tendency of
Mantel-Haenszel and WAM disproportionally setl items is an important topic for future
research.

To explore further the effecewness of the three methods,p&pdix F contains six tables
in which each table presents selection percesttuyyatem #4 by DIF size. Tables F.1 and F.2 in
Appendix F show, in detail, the percentagé¢hef time that WAM, AreaMantel Haenszel, and
all combinations of these methods, seledteh #4 (i.e., the modeled DIF item) for all 21
scenarios for SMALL modeled DIF size. TablF.3 through F.6 show percentages for
MEDIUM and LARGE modeled DIBizes. In a more consoligat presentation than Appendix
F, Figures 4.21, 4.22, and 4.23 below presenptrcentage 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 SMAthat WAM alone (i.e., Only WAM)
most frequently selects item #4 in 16 out of 2descenarios. In addbn, similar to earlier
results, Figure 4.21 shows that Mantel-Haenpeetedure does not select item #4 very

frequently when modeled DIF size is 8M. and group size is less than 500.
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Figure 4.21: Item #4 Selectidtercentage Comparison (SMALL)

Figures 4.22 and 4.23 are the versionBigtire 4.21 for MEDIUM and LARGE modeled
DIF sizes, respectively. In these two figuriesdings are similar to those from Figure 4.21.
However, an identifiable difference is the iease in “WAM and MH” values as DIF size and
group size increase. Another difference isdberease in “WAM and Area” values as DIF size
and group size increases.

These recognizable differences indicategeneral, that WAM is selecting the modeled
DIF item more frequently thatme Mantel-Haenszel procedureevhDIF is SMALL, and that
WAM'’s selection of DIF items is more in lineithh Mantel-Haenszel than with Area’s selection
of DIF items. To summarize bflg the findings in his chaptekl)VAM is selecting the modeled
DIF item significantly more often than the @& method and Mantel-Hagzel procedure when
the group size is small (i.e., < 200) and whermeted DIF size is SMALL. The 95% confidence
intervals for WAM selection peentages never fell belothve 10% guideline for random
selection, which was not the case for Area iaghtel-Haenszel. In addition, WAM estimates
were stable and the orderingitg#fms 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 thestafluenced by modeled DIF size (i.e.,
among the three modeled DIF sizes), as ewidéiby demonstrating the widest swing from
infrequently selecting items for SMALL model&dF to most frequently selecting modeled DIF
items for LARGE modeled DIF, particularly fgroups sizes larger than 200. The Area method

did not select modeled DIF items as freqiyeas WAM, except when group sizes were
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balanced. This demonstrated that the Arethotkwas less able to select modeled DIF items

than WAM and Mantel-Haenszel.

73



CONCLUSION

Past research on IRT and DIF has resultezppportunities to improve the quality of
measures used in testing, research, and pradtieeertheless, the alogation of DIF analyses
has been hampered by a lack of consensuseosizb of the samples necessary for appropriate
use of DIF methods. Further, researchers fretlpiéace small sample sizes when doing pilot
studies or small clinical trials, and they arsadivantaged by having no methods that adequately
identify DIF in their tests and measures. To addithis issue, | developed a new Weighted Area
Method (WAM) for detecting DIF. WAM extendeale work of Rudner and Raju in the use of
the area between two ICCs to identify DIFdgjding a weighting stragg. | examined the
theory that the addition of wghting would enhance the ability to identify DIF items, especially
when group sizes are smélk., less than 200).

WAM'’s ability to detect DIF was examindxy modeling three different degrees of DIF
for 21 different focal-reference @up sizes (i.e., 63 different einations). Thousands of
datasets representing focal and reference gneveps created and agakd to study WAM and
two other DIF detection methodsRudner’s Area method and the Mantel-Haenszel procedure.
In most of the combinations, WAM outpermed 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¢commend further rearch into the use of
WAM and how WAM might be improved to bettpredict DIF items when group sizes are large
(i.e., 500+) and DIF is large (0.9+).

WAM is a newly theorized strategy thatessnformation from both the 11IC and ICC
curves to identify DIF items. Because manualstitey thousands of datdses time prohibitive,

an automated approach was implemented. ektensive coding requirddr this automated
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approach is a noteworthy producttbis dissertation study. | ingted the time and resources to
travel to the SAS North Carolina campus to nvaigh SAS experts, as the requirements for this
project were extensive and out of the ordinary.

| created the automated approach by desmand developing ange library of SAS
macros that read characteristics from andtiile for each of the 63 combinations. The
information in the Excel file contained thember of replications to conduct for the
combination, the scenario ID of the combinatitre, number of focal and reference responses for
the dataset, the parameter values for Mplus’sité&arlo routines, and apified whether to use
SAS or Mplus to estimate IRT parameteWith a single macro call, all the necessary
information was passed to SAS macros whicliyin, built and executed Mplus code, created
datasets, estimated IRT parameters for a 2aBtel, analyzed the data using WAM, Area
method, and the Mantel-Haenszel procedureké@t¢he combination run progress, and created
graphs and tables.

To facilitate the comparison of WAM over theany combinations, all the characteristics
listed above in the Excel filwas held constant for the comations except for focal and
reference group sizes. Therefore, the only infeiongpassed to the SAS macros that varied was
group size. This minimized any possible deairtional and unrecognized influence on the
performance of WAM or the two other comigan methods. Anothgrrocess initiated to
minimize extraneous influences on WAM'’s perforroa was that all files were eliminated from
storage folders after each combination run avoid any accidental usé lingering files.

Another technical issue that | encountered ¥ need for computer processing power.
| built a PC to accommodate the expecteahaed for cpu processing (intel® i7-3820 3.66GHz,

solid state drives, 32 gigs of 1666 memork)en with this increased PC horsepower, the
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routines within SAS to calculate parametdimeates (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 effient way to use NLMIXED, | explored Mplus’s
ability to provide parameter estimates. | evahyunvested the time to learn how to call Mplus
from within SAS, and | discovered that Mplexjuired dramatically less time to estimate IRT
parameters. Therefore, additib®\S macros were written to call Mplus from within SAS.
After redirecting parameter estitian to Mplus, the running of €hcombinations still took weeks
to complete, and it created a file system teathed the size of 44.6 gigabytes. The SAS code is
located in Appendix X.
Limitations

Despite the findings that suggest WAM's @wtial for improving tle identification of
DIF with small samples and with small DIF sizepumber of the study’s limitations must be
considered. Because the pairy incentive for conducting ihdissertation study was to
investigate if WAM is worth studying in therét place, the dissertati study environment was
held as constant as possible to minimize amgaognized influences (i,atem information was
held constant across the combioas). Although this is a strength, it is also a limitation of this
study. This restriction on ¢henvironment limitethe understanding of WAM's performance in
other situations. For example, item #4 wasniodeled DIF item and was modeled in Mplus’s
Monte Carlo routines with a difficulty value €9.8 and a discrimination value of 1.1 for the
reference group. The results of this disst@wh study do not offer any information on how
WAM might perform in identifying items that had#ferent difficulty anddiscrimination values

This same limitation is also true for the otharaitems that were modeled without DIF. In
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addition, the results do not offer any infotloa on how WAM might perform in situations
where multiple items in a test or survey have DIF.

Another unknown involved the use of Mplugg@meter estimates. This study used the
parameterization from Mplus’s factor analysighe performance of WAM may be different if
the parameterization was based on a differenihpatierization approach. Along this same line,
the discrimination parameter estimate influencestly the calculation oVAM values. If the
discrimination estimate is very small, the weig 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 IICurve) on WAM’s effectiveness.

The choice to use Rudner’'s Area method tredVantel-Haenszg@rocess may have
been a limitation if other frequdy used DIF detection straes could have identified the
modeled DIF item more frequently in this restrice/ironment. Of course, it also is possible
that other strategies would have identified s frequently. Selang Rudner’s Area method
was important to verify that WAM did not simpigimic Area’s DIF item detection capabilities.
Selecting Mantel-Haenszel as a comparatorimasrtant because of the frequency with which
Mantel-Haenszel has been seledtedast research as thengparison method. Therefore, the
only performance comparison information avakatsbm this dissertation is between WAM,
Area, and Mantel-Haenszel.

Another potential limitation is threstriction of modeled DI§izes to three values (0.3,
0.6, and 0.9). The results show that Mantakhkzel's selection of the modeled DIF item
greatly improved as DIF size increased, but was less apparent with WAM. Because only
three DIF sizes were used in this dissigon study, no informan on WAM's selection

performance outside of these three sizes is available.
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The use of a single parameter estimate reutiplus) is also a limitation. Based on its
construction, WAM estimates are tied to the estavaf the IRT parameters. This study offers
preliminary finding on WAM estimates, but only based on the restricted environment of this
dissertation study and the cap#pibf Mplus. Comparing Mplus’s capability to estimate
parameters compared to other processes wdeidify the possible variations in WAM values
due to software selection (e.g., SAS Rarscale or Mplus vs. SAS).

Discussions

Although this first study exploring the capatids of a new DIF detection method leads
to many unanswered questions, it provides cigffit evidence to support ongoing work on the
use of WAM to detect DIF. Twmain findings are most noteworthy.

First, WAM selected the modeled DIF itanore 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 werse@sitive to changes in modeled DIF size.
Since only one item was modeled with DIF in tilissertation study, thisde sensitive nature of
WAM is encouraging in that it may be able todiitems 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 easildentified by several differemtrocedures if the DIF size is
large. However, the smaller, more subtle défeces can be easily missed with current methods,
and a measure that includes multiple items with these small differences could add to some
sizable, practical problemd-or example, if a 20-item exatontains 10 items with small-sized,

undetected DIF that disadvantagdsacan Americans, the uninteled result could be an overall

78



exam biased against African Americans. ddidon, undetected DIF isspecially likely to
happen in situations in which the exam is being pilot tested on a small sample.

Second, in this dissertation study, WAMesgkd the modeled DIF item significantly
more often than the Area method and Mantel#tidael procedure whendlgroup size is small
(i.e., < 200). WAM was designemth the specific intention of finding a way to identify DIF
items in small samples, and the findings suggedttths goal was achievedn 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 withhgales below that minimum size. In this study, for
all focal-reference group combinations wsidimples of less than 200, WAM successfully
identified DIF more frequently than the otlreethods. This finding holds enormous promise,
especially for psychometricians and researctverging with small samples. For example,
researchers using rigorous mmeds must test their measubeforehand, typically with pilot
testing on small samples. If these researcherstaitdst for DIF, and especially if they suspect
subtle aspects of the items that might diffeialy influence responae answers, currently
nothing exists to assist them. WAM may be dbléll that gap. Similarly, psychometricians
examining potential test itenfiequently find that despitelarge original sample size,
membership in under-represented groups (e.g., fpamits with a specifi&ind of disability)
may not meet the 200 group-size cutoff critefimnexamining for DIF. Finally, medical
researchers studying new medicalg@dures may be faced withtesmely small sample sizes as
a consequence of their research designs ancsdtiilo 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 primangiings, it is possible that further study to

examine and enhance WAM may address thenthisisues experienced by psychometricians and
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researchers. When samplegooup sizes are large (>500), oe tlocal and reference group sizes
are the same, comprising at e260 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 itimctioning is suspected to be small, WAM may
be the better choice — especialyer undergoing more studymproved identification of DIF
can lead to the elimination of biased items, amdé¢htems can be replaced with those that more
accurately measure the latent construct only ltiagun improved tests and surveys that more
accurately measure the latent construct being measured.

For larger samples with unbalanced foaad aeference group combinations and small
DIF size, WAM still performed very well whesompared with Mantel Haenszel. However,
WAM did not identify the DIF item as frequenths did Mantel-Haenszel when modeled DIF
size was LARGE (0.9). Clearly, more researchaeded to understarfdhere are ways to
implement a weighting strategy, using informaticomiran 1IC curve, that is more effective in
identifying DIF. A different weighting calcufi@n using 11IC 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 smallegroup 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 undenstdnow WAM performs in selectg items with varying difficulty
and discriminating values. We know that vagygroup sizes influenced/AM, but we do not
know if WAM estimates are consint in identifying DIF with varying shapes of ICC curves.

Therefore, the next step in investigating WAhould be to conduct additional studies which
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vary characteristics of the modeled DIF itemi{ems) rather than focusing on only group sizes
(i.e., WAM values need to be examined items that are fall along a wide range of
discrimination and difficulty values). Aer and comprehensive understanding of WAM for
dichotomous items is necessary before exteniditegother DIF studies using WAM (e.g., items
with more than 2 categories, WAM value criteioa DIF, WAM as part of a comprehensive DIF
detection process).

Knowing that this future study will bevaluable to understanding WAM, | included a
capability in my SAS macros to read infation from an Excel file to manage item
characteristics. For WAM to be consideredlawant tool for identifying DIF items, a future
study must verify that WAM performs equally welith items that are difi@nt in difficulty and
discrimination. My added SAS macro capabihtgkes studying changes in difficulty and
discrimination values much more efficient andnageable for future research. However, if
WAM cannot handle varied difficulty and discrimaition values well, the future studies may
show how to alter the design of WAM, tkey improving its DIF detection capabilities.

An important feature of the SAS macros desivas the ability to call controlling macros
to analyze datasets. This feature providescdpability to anae hundreds of simulated
datasets using multiple procedures. Anitiohl important future study would compare WAM
to other methods/procedures that identify Ré&ms (e.g., Logistic Regression, Confirmatory
Factor Analysis, SIBTEST). The modular astpaf the SAS macros design allows for the
development of other controlling macros tafpem 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 resaey to understand WAM'’s contribution to DIF

research.
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One unexpected benefit of my programming e$foinat was not part of the original SAS
macros design is the capability of selecting défe routines to estimate IRT parameters.
Because SAS’s NLMIXED was not time efeeit, | updated the SAS macros design to
accommodate, within a combination run, differpatameter-estimation routines. With some
additions to my current SAS code, the SA&cros will have the capability to compare
parameter estimates from multiple routines (&84S vs. Mplus). Therefore, this future study
can compare IRT parameter estimates amonignesiand then review how sensitive WAM
estimates are to variations in IRT parameter egBs This information could help researchers
understand the differences in software penfmnce as well as understand the connection
between estimate errand WAM estimation.

Extending the examination of WAM beyond its use with dichotomous response items is
another line of important research. Many surveyktasts have categoriaal ordinal responses,
and WAM, if proven effective, could improve Diéentification in these situations as well.
Because group size plays such an importantindiieding DIF items, future research should
study the limits of WAM and iddify how large a group size must be before WAM is no longer
effective. Of course, the previously suggéstesearch involving vigying WAM performance
must come before a study on group size minimamssing WAM on categorical items so that
WAM'’s design is proved to be stable and effeetitn addition, future research should explore
the possibility of identifying a DIF threshibbr potential WAM DF categories. The
threshold/categories could help identify the potential size of DIF or even if DIF exists in items
for non-statisticians using WAM tanalyze their data. With filner research and simulation
studies, | hope to offer reseaechk analyzing real data a presdo follow when dealing with

small samples. If effective, WAM could be paftan overall strategy using multiple processes
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and/or procedures to find DIF items — wikie ultimate goal of improving the quality of
collected information from peoplesgonding to surveys or taking tests.

As with any new approach, | hope WAM wdtaw the attention of other researchers
interested in exploring its capab#s. To accomplish this, | muptiblish what | have learned so
that others have the opportunity to review tork and build on these ideas. The modular
design of my written SAS code will allow medo so efficiently, allowing me to develop and
disseminate articles that expdoWWAM, and other IRT topics stematically. Hopefully, as |

publish my work, others will take notice and find themselves interested in WAM as well.

83



APPENDIX A

MIN, MAX, AND MEDIAN WAM VALUES

Appendix A contains 21 sets W{AM descriptives. Each set contains graphs for a
scenario and associated three modeled Dd€ssi Column heading identifies the specific
scenario and the left-hand column identifies thodeled DIF size. The graphs present WAM
values for each of the 10 items for each contimna The three lines represent calculated WAM
values for the 500 replications (%00 replications for each combination). The blue dashed line
represents the calculated smallest WAM valbe,red dashed line represents the largest WAM
value, and the solid green linepresents the median WAM valior 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 peated in order by smallest tadgst group sizes, first by focal
and then by reference group size.

Tables A.1, A.2, and A.3 present the ordeiterins by their medium values from smallest
to largest for the three modeled DIF sizes. [Efftthand column in each of the three tables

identifies the scenario, and items are placeatrder of smallest to largest median value.

Note: To assist readers in identifying focal aefiérence group information, scenario IDs in this
dissertation document were updated. Howevergthphs within the 21 seis this appendix use

the original scenario ID noianh (A represents focal group,represents reference group).
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A.1: Scenario SIM30F30R

Min, Max, and Median WAM Values

Small

Medium

Large
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A.2: Scenario SIM30F50R

Min, Max, and Median WAM Values

Small

Medium

Large
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A.3: Scenario SIM30F100R

Min, Max, and Median WAM Values

Small

Medium

Large
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A.4: Scenario SIM30F200R

Min, Max, and Median WAM Values

Small

Medium

Large
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A.5: Scenario SIM30F500R

Min, Max, and Median WAM Values

Small

Medium

Large
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A.6: Scenario SIM30F1000R

Min, Max, and Median WAM Values

Small

Medium

Large
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A.7: Scenario SIM50F50R

Min, Max, and Median WAM Values

Small

Medium

Large
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A.8: Scenario SIM50F100R

Min, Max, and Median WAM Values

Small

Medium

Large
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A.9: Scenario SIM50F200R

Min, Max, and Median WAM Values

Small

Medium

Large
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A.10: Scenario SIM50F500R

Min, Max, and Median WAM Values

Small

Medium

Large
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A.11: Scenario SIM50F1000R

Min, Max, and Median WAM Values

Small

Medium

Large
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A.12: Scenario SIM100F100R

Min, Max, and Median WAM Values

Small

Medium

Large

96




A.13: Scenario SIM100F200R

Min, Max, and Median WAM Values

Small

Medium

Large
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A.14: Scenario SIM100F500R

Min, Max, and Median WAM Values

Small

Medium

Large
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A.15: Scenario SIM100F1000R

Min, Max, and Median WAM Values

Small

Medium

Large
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A.16: Scenario SIM200F200R

Min, Max, and Median WAM Values

Small

Medium

Large
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A.17: Scenario SIM200F500R

Min, Max, and Median WAM Values

Small

Medium

Large
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A.18: Scenario SIM200F1000R

Min, Max, and Median WAM Values

Small

Medium

Large
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A.19: Scenario SIM500F500R

Min, Max, and Median WAM Values

Small

Medium

Large
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A.20: Scenario SIM500F1000R

Min, Max, and Median WAM Values

Small

Medium

Large
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A.21: Scenario SIM1000F1000R

Min, Max, and Median WAM Values

Small

Medium

Large
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Table A.1: Ordering of WAM Median Valudsr 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 S 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 Valudsr Items in MEDIUM modeled DIF Scenarios

Scenario Item w/ Smallest Median Item w/ Largest Median
SIM30F30R 10 S 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 S 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 Valuder Items in LARGE Modeled DIF Scenarios

Scenario Item w/ Smallest Median Item w/ Largest Me
SIM30F30R 10 S 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 10 5 7 8 9 6 4 1 2
SIM30F500R 10 5 7 9 8 6 1 4 2
SIM30F1000R 3 10 5 7 9 8 6 4 1 2
SIM50F50R 10 S 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 infoiorat Each set contains graphs for a single
scenario and the associated three modeleds28s. Each set title identifies the specific
scenario and the left-hand column identifies tepresented modeledsize. The graphs
present WAM, AREA, ICC for focal and referee groups, and IIC values along the latent
construct (skp) for the single dataset (simulatiamhe combination.The dataset and item
presented is the one with the largest WAM ediom all the items in all the datasets.

The lines on the graph are color codedré&adability. The blue line represents the
probability of endorsement for the fogabup (case) along the latent construand the red line
represents the proballiof endorsement for the referengroup (ctrl). The violet line
represents the WAM weight atand the brown line represents the difference value between the
ICC case and control groups (ICC diff). The grkea represents the cailated 11C curve for

the control group (11C).
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B.12: Scenario SIM100F100R
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B.13: Scenario SIM100F200R
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B.14: Scenario SIM100F500R
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B.16: Scenario SIM200F200R
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B.19: Scenario SIM500F500R
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B.20: Scenario SIM500F1000R

Small

Medium

Large

129
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APPENDIX C

ITEM SELECTION BY METHOD

Appendix C contains 21 sets of bar chartschEset contains bar charts representing item
selection for the three analysis methods; MaHtenszel, WAM, and Area. Set title identifies
the specific scenario drthe left-hand column identifies the associated modeled DIF size. The
bar chart for the Mantel-Haenszel identifies tienber of times Mantel-Haenszel value for an
item was significant (=.05), which includes the possibilityatmultiple items can be selected
for a single replication. The bar charts floe WAM and Area methods show the number of
times each of the 10 items had the largest WAMm@a value, respectively, which restricts the
item counts to only one item for each replicatidilme 21 sets are presented in order by smallest

to largest group sizes, first by foaad then by reference group size.

Note: To assist readers in identifying focal aeférence group information, scenario IDs in this

dissertation document were updated. Howeverchiagts within the 21 sets in this appendix use

the original scenario ID notanh (A represents focal group,represents reference group).
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APPENDIX D

ODDS RATIOS FROM MANTEL-HAENSZEL ANALYSES
Appendix D contains 21 sets of box-and-wWieiss charts. Each set contains box-and-
whiskers charts for the first thset in a combination, showingetbdds ratios for the 10 items in
that first dataset. Set title identifies the spedcenario and the leftamd column identifies the
associated modeled DIF siz&€he 21 sets are presented iderby 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-ieis charts. Each set contains box-and-
whiskers charts for WAM values for the comdtiions. 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 Bife. The 21 sets are presented in order by

smallest to largest group sizes, firstfbgal and then by reference group size.

Note: To assist readers in identifying focal aefiétrence group information, scenario IDs in this
dissertation document were updated. Howeverchiaets within the 21 sets in this appendix use

the original scenario ID noian (A represents focal group,represents reference group).

175
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APPENDIX F

PERCENTAGE SELECTING ITEM #4
Appendix F contains six tables, two for eaobdeled DIF size. The numbers in tiaaly of the tables represent percentages
for the number of times Item #4 was selected out of N remitati The left hand column indiegtwhich method(s) selecteért #4
and the first row identifies the specificenario. The last row inghtes the number of analyzedtasets out of the 500 ragaitions. In
addition, the largest percentage in eaclumn excluding “nobody” are highlighted.

Table F.1: Selection Rentage by Scenario part 1 of 2 (DIF size SMALL)

Only \ Scenario 30F 30F 30F 30F 30F 30F 50F 50F 50F 50F 50F 100F

30R 50R 100R 200R 500R 1000R 50R 100R 200R S500R 1000R 100R
AREA 2440  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 18.67 281 3.06 2.35 4.46 3.99 1529 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 1268 20.71 1242 1199 1242 1268 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 3855 76.53 77.88 76.29 7535 .8B4 37.18 7645 7B3 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 Peentage by Scenario part 2 of 2 (DIF size SMALL)

Only \ Scenario 100F 100F 100F  200F 200F 200F 500F 500F  1000F
200R 500R 1000R 200R 500R 1000R 500R 1000R 1000R
AREA 121 061 235 20.60 0.40  1.00 10.00 0.20 0.40
AREA MH 040 040 0.00 040 040 0.60 520  0.00 5.80
AREA WAM 040 101 399 3840 080 120 51.20 0.60 5.20
AREA WAM MH 040 0.61 047 060 180 1.60 22.20 3.20 86.00
MH 9.49 1313 5.16 020 19.80 20.80 0.80 3520 0.60
WAM 13.13 13.33 1268 27.80 11.20 9.80 7.40  8.00 0.20
WAM MH 444 263 047 020 620 7.40 200 16.00 1.80
nobody 7051 6828 7488 1180 5940 5760 120 36.80  0.00
N 495 495 426 500 500 500 500 500 500
Table F.3: Selection Rentage by Scenario part 1 of 2 (DIF size MEDIUM)
Only 30F 30F 30F 30F 30F  30F 50F 50F 50F 50F  50F 100F
30R 50R  100R 200R 500R 1000R 50R  100R 200R 500R 1000R 100R
AREA 2423 260 191 334 095 191 2244 131 065 044 191 8.32
AREA MH 204 078 048 095 072 048 600 0.66 044 065 048 21.70
AREA WAM 1888 1.82 311 215 406 3.82 1533 0.87 153 153 3.82 10.34
AREA WAM MH 1.79 026 096 119 095 0.95 489 066 153 218  0.9523.53
MH 230 2057 19.38 2220 2434 26.73 6.00 29.48 3399 4031 26.73 8.32
WAM 1480 755 813 979 7.40 859 2000 830 915 7.84 859 8.32
WAM MH 1.02 495 646 334 597 358 356  10.70 1155 10.46 3.58 15.01
nobody 3495 61.46 59.57 57.04 5561 .983 21.78 4803 418 36.60 5394  4.46
N 392 384 418 419 419 419 450 458 459 459 419 493
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Table F.4: Selection Peentage by Scenario part 2 of 2 (DIF size MEDIUM)

Only 100F 100F 100F  200F 200F 200F 500F 500F  1000F
200R 500R 1000R 200R 500R 1000R 500R 1000R 1000R
AREA 020 041 191 0.00 020 0.00 0.00  0.00 0.00
AREA MH 122 284 048 2665 3.01 441 18.00 3.80 8.20
AREA WAM 061 041 3.82 040 020 0.20 0.00  0.00 0.00
AREA WAM MH 243 385 0.95 5431 401 9.42 79.80 23.60 91.80
MH 4564 5335 2673 381 5150 46.09 0.00 31.60 0.00
WAM 730 3.04 859 020 0.60 0.00 0.00  0.00 0.00
WAM MH 21.10 21.10 3.58 14.63 38.88 39.08 2204100 0.00
nobody 2150 1501 53.94 0.00 160  0.80 0.00  0.00 0.00
N 493 493 419 499 499 499 500 500 500
Table F.5: Selection Pentage by Scenario part 1 of 2 (DIF size LARGE)
Only 30F 30F 30F 30F 30F  30F 50F 50F 50F 50F  50F 100F
30R 50R  100R 200R 500R 1000R 50R  100R 200R 500R 1000R 100R
AREA 2565 282 118 330 259 236 2517 215 043 086 2.36 21.50
AREA MH 078 077 024 071 047 047 1.77 065 086 043 047 6.29
AREA WAM 18.13 2.82 449 283 330 3.30 17.22 129 258 215  3.3023.33
AREA WAM MH 026 000 095 118 118 0.71 044 022 086 172 071 4.26
MH 1.04 11.03 875 1250 1297 1250 044 1355 16.13 19.35 1250 1.83
WAM 17.62 1051 827 11.79 1061 @&0. 24.94 11.83 13.33 8.39  10.61  22.92
WAM MH 000 2582 3.07 259 283 212 022 516 430 452 212 4.26
nobody 36.53 69.23 73.05 6509 66.04 .9%7 29.80 6516 631 6258 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 P&ntage by Scenario part 2 of 2 (DIF size LARGE)

Only 100F 100F 100F 200F 200F 200F 500F 500F 1000F
200R 500R 1000R 200R 500R 1000R ©500R 1000R 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 1278 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 PéKist. SMALL, MEDIUM, and LARGE). Each Table contains
WAM descriptive information for the 21 scenarios separated byascarsults that matched Mithdings and ones that did not.
Table title identifies the specific DIF siaad the left-hand column identifies th@resented 21 scenarios. The WAM degorgs for

matched and unmated scenarios arelémbley the first row in each table.
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Table G.1: WAM Descriptives for MH Mehed 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 Mehed and Not-matched scenarios (MEDIUM)

Not-matched Matched
NObs Mean StdDev 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 Mehed and Not-matched scenarios (LARGE)

Not-matched Matched
NObs Mean Std Dev  Minimum Maximum NObs Mean StdDev 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 tapahe environment for the combination run,
execute the combination, and output resuReesented below are the macros and SAS setup

code in alphabetic order by macro name.

H.1: ADD_IICDATA

** ADD_I|ICDATA
** 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:
** nla
**
** Variables:
** @, 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
**  yptr => counter for variable additions
**  SPC => Interval along the ste range from hi to lo
**  chame => library and name of file to create
*k-
%MACR@DD_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;
%MENBDD_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

**
*k-

%MACRBDD_IICVALUES(prmfile,cfile);

*%*

** read difficulty paramter values

*k-

Data _null_;

set PRMDATA&prmfile end=eof;

call symputx( ‘a’ ||left(_n_),discrimination);
run;

**

** for each item, calc IIC
*%k-

Data &cfile;

set &cfile;

[IC1=(symget( ‘al' ) 2YITEM1*( 1-ITEM1);
[IC2=(symget( ‘a2' ) 2PITEM2*( 1-ITEM2);
[IC3=(symget( ‘a3’ ) 2)*ITEM3*( 1-ITEM3);
[IC4=(symget( ‘ad' )y* 2)*ITEM4*( 1-ITEMA4);
[IC5=(symget( ‘ab' ) 2)*ITEM5*( 1-ITEMS);
[IC6=(symget( ‘a6’ )** 2YITEM6*( 1-ITEMG);
IC7=(symget( ‘a7t ) 2PITEM7*( 1-ITEM7);
[IC8=(symget( 'ag' ) 2)*ITEM8*( 1-ITEMS8);
[1C9=(symget( ‘a9 ) 2)*ITEM9*( 1-ITEM9);
[1IC10=(symget( ‘al0’ y* 2)*ITEM10*( 1-ITEM10);
RUN;

%MENBDD_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:

** nla

**

** Variables:

**  dbcntlocal => number of file pairs to process

**  flprecase => prefix name of case files to process
**  flprectrl => prefix name of control files to process
**  |ocation => hard-coded storage library for WAM info.
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*%
*%k-
%MACR@REA_CALCULATION(dbcntlocal, flprecase, flprectrl);
**
** | oop through files in CRTDATA library for area analysis
** (store results in single file in SIMDATA library)
*%k-
%let location=WAMDATA,
%dodbptr= 1 %to &dbcntlocal;
PROC MEANS NOPRINT DATA=& location.  .d ifffile&dbptr;
output out=WORK.asum&dbptr SUM(dvall dval2 dval3 dval4
dval5 dval6 dval7 dval8 dval9 dval10)
= Ala A2a A3a Ada A5a Aba A7a ABa A9a Al0g;
run;
** NOTE: .005 is hard coded step from IIC;
Data WORK.asum&dbptr(DROP = _TYPE__FREQ);

retain sim;
set WORK.asumé&dbptr;
format sim bestl2. ;

sim=symget( 'dbptr);
Ala=Ala* 0.005 ; A2a=A2a* 0.005 ; A3a=A3a* 0.005 ;
Ada=Ada* 0.005 ; A5a=A5a* 0.005 ; A6a=A6a* 0.005 ;
A7a=A7a* 0.005 ; ABa=A8a* 0.005 ; A9a=A9a* 0.005 ;
Al0a=Al0a* 0.005 ;
run;

%end

*%

** merge difference files into a single file
*k-

Data & location. .a rea_sim;
Set WORK.asum1;
run;

%if &dbcntlocal> 1 %then %da
%Doi= 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;
%doi= 1 %to &dbcntlocal;
delete asum&i;
%end
run;
%MENBREA_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:

** @, b, c => IRT parameters

**  hi, lo => set range for IIC points

**  chame => library and name of file to create

** yptr => parm pointer for creating new variables
*%

*k-

%’MACRBUILD_IICDATA(a,b,c,hi,Io,vptr,cname);
%IF %sysfunc (exist(&cname)) %THEN

%DO
% ADD_I|ICDATA(&a,&b,&c,&hi,&lo,&vptr,&cname);
%RETURN
%END
%ELSE
%DO
%  NEW_IICDATA&a,&b,&c,&hi,&lo,&cname);
%END

%MENBUILD_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
**  |ogflag => notification flag for messages

**

*k-

%’MACRBUILD_PRMDATA(simID,deib,fname,IogfIag);
Data _null_;
set & dblib. . &name. 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
*k-

Dé\ta PRMDATA&mame. (keep=discrimination difficulty);

format discrimination difficulty 10.3 ;
discrimination=symgetn( ‘el ); difficulty=symgetn(
discrimination=symgetn( 'e2' ), difficulty=symgetn(
discrimination=symgetn( 'e3" ), difficulty=symgetn(
discrimination=symgetn( ‘ed’ ), difficulty=symgetn(
discrimination=symgetn( 'eb' ); difficulty=symgetn(
discrimination=symgetn( 'e6" ); difficulty=symgetn(
discrimination=symgetn( ‘e7" ), difficulty=symgetn(
discrimination=symgetn( 'e8" ), difficulty=symgetn(
discrimination=symgetn( 'e9' ), difficulty=symgetn(
discrimination=symgetn( 'el0" ); difficulty=symgetn(
RUN;

%MENBUILD_PRMDATA;

H.6: CHECK_DATA

* CHECK_DATA
** Macro to check for invalid data from
** |RT analysis, manage invalid data, and

** record where invalid data exists.
*%

**

** Called from:

**  SIM_CONTROLLER
*%

** Macro calls:

*%

**

** Variables:

**  simlD => 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
**

Kk

%MACROHECK_DATA(simID,dbcntlocal,dblib,casef, ctrlf,logflag);
%DQ@nt= 1 %TQC& dbentlocal. ;
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.tmp1l Work.tmp2;
by Parameter;

run;
Data WORK.tmp4 (drop=tst);
set WORK.tmp3;
format vsortl $charl. 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= o
end;
** check for analysis failure;
If case_se= 9999 OR ctrl_se= 9999 then do;
case_e= 0.000 ; ctrl_e= 0.000 ;
end;
vsortl=substr(Parameter, 1, 1);
tst=substr(Parameter, 2 length(Parameter)- 1);
If vsortl= 's'  then vsort2= 1; else vsort2=input(tst, 2.);
run;

Proc SORT Data=WORK.tmp4 Out=WORK.tmp4;
by vsortl 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_PRMDATR&sImID,&dblib,& casef. &cnt,&logflag)
% BUILD_PRMDATR&sImID,&dblib,& ctrif.  &cnt,&logflag)
%end
**  cleanup;

PROC datasets library=WORK nolist nodetails;

delete tmpl tmp2 tmp3 tmp4;

run;

%MENKZHECK_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

**  |ogflag => notification indicator for messages

*%

Kk

%MACROREATE_CONTROLLER(dbcntlocal,flprefix,logflag);
% SIM_NOTIFICATION (lognote= CREATE_CONTROLLER -- Calculating P(correct)
values for &flprefix,
logflag=&logflag)
%DC@nt= 1 %TQO& dbcentlocal. ;

*%*

** Read lines of parmaeters from PRMDATA file - ASSIGN TO &a{i} and &bfi}
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
*k-
%let cfile = CRTDATA.&flprefix&cnt;
%dovptr= 1 %to &pcount;
%  BUILD_IICDATA (&&a&vptr, &&b&vptr, 0, 5.0,- 5.0, &vptr, &cfile)
%end
**
** Add IIC values to built probability file
*%k.
%ADD_IICVALUES(&flprefix&cnt,&cfile)
%end

Kk

%,MENID)REATE_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
**  grplpre => prefix file name for group 1

**  grp2pre => prefix file name for group 2

**

*k-

%’MACRBQUATE_GROUPS(deib,dbcntlocal,grplpre,grprre);
%docnt= 1 %to & dbcntlocal. ;

*%

** Get mean and sd for difficulty group 1 (case)

*k-

Proc surveymeans data=& dblib. . &grplpre. &cnt mean;
var difficulty;
ods output Statistics = work.Statistics;
run;
Data _NULL_;
set WORK .statistics;
call symputx( ‘glmean’ ,mean);
call symputx( 'glsd’ ,stderr);
run;

*%

** Get mean and sd for difficulty group 2 (ctrl)

Kk

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. . &grplpre. &cnt (keep=discrimination difficulty);
set& dblib. . &grplpre. &cnt;
difficulty=((&g2sd/&glsd)*difficulty)+(&g2mean-

((&g2sd/&glsd)*&glmean));

run;

%end

**  cleanup;

PROC datasets library=WORK nolist nodetails;
delete statistics;
run;
%MENEQUATE_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:
** nla
**
** Variables:
**  floc => location of where to get list of files
**  flist => library.file to store file name list
*%k-
%MACRGET_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
*%k-
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;
%MENIGET FNAMES;

H.10: MH_ANALYSIS

** MH_ANALYSIS
** Macro to conduct the Mantel Hanszel
** (j.e. PROC FREQ) on the passed file

*%*
*%*

** Called from:

** MH_CONTROLLER

*%

** Macro calls:

** nla

*%

** Variables:

**  dbptr => file indicator within simulation
**  dblib => library storing files

**  mhfile => file to analyze
**
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*k-

%’MACRH_ANALYSIS(dbptr,deib,mhfile);
*k-

PROC FREQ data=& dblib. . &mhfile&dbptr order=data;
tables item*grp*correct /cmh nocol nopercent norow measures;
weight score;
ods output ORPIlot=& dblib. .mhparms&dbptr;

run;

%MENMH_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:

** nla

*%

** Variables:

**  dbecnt => number of files to process

**  dblib => library where files are stored

**  mhprefix => prefix name of files to process

*%
*k-

9%MACR®H_CALCULATE(dbcnt,dblib,mhprefix):

Kk

%docnt= 1 %to & dbcnt. ;

%let qcntl=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. .mhparmsé&cnt;
call symputx( ‘glo" |left(_n_), LOWER);
call symputx( ‘ghi* |[left(_n_), UPPER);
run;
%if &ghil< 1 %then %let gcntl=1;
%if &ghi2< 1 %then %let qcnt2=1;
%if &ghi3< 1 %then %let qcnt3=1;
%if &ghid< 1 %then %let qcnt4=1;
%if &ghi5< 1 %then %let gcnt5=1;
%if &ghié< 1 %then %let qcnt6=1;
%if &ghi7< 1 %then %let qcnt7=1;
%if &ghi8< 1 %then %let qcnt8=1;
%if &ghi9< 1 %then %let qcnt9=1;

%if &ghil0< 1 %then %let qgcnt10=1;

%if &glol> 1 %then %let qcntl=1;
%if &qglo2> 1 %then %let qcnt2=1;
%if &Qlo3> 1 %then %let gcnt3=1;
%if &glo4> 1 %then %let gcnt4=1,;
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%if &glo5> 1 %then %let gcnt5=1;
%if &glo6> 1 %then %let qcnt6=1;
%if &qglo7> 1 %then %let qcnt7=1;
%if &qlo8> 1 %then %let qcnt8=1;
%if &Qglo9> 1 %then %let qcnt9=1,;

%if &Qlo10> 1 %then %let gcntl0=1;

Data WORK.mhtmpé&cnt (KEEP=Q1 Q2 Q3 Q4
Q5 Q6 Q7 Q8 Q9 Q10);
Q1 = SYMGETN( ‘gentl’  ); Q2=SYMGETn( ‘'gcnt2'  );
Q3 = SYMGETN( ‘gent3'); Q4 =SYMGETn( ‘'gentd"  );
Q5 = SYMGETN( ‘qents’); Q6 =SYMGETn( ‘gcnté’ ),
Q7 = SYMGETn( 'gent7' ); Q8 =SYMGETn( ‘qcnt8" )
Q9 = SYMGETN( ‘gent9" ); Q10 =SYMGETn(  ‘gentl0 );
run;
%end

**

** merge files and store in SIMDATA
*%k-
Data & dblib. .MH_SIM;
Set WORK.mhtmp1;
run;
%if &dbcnt> 1 %then %dg
%Doi= 2 %to & dbent.
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;
%doi= 1 %to & dbent.
delete mhtmp&i;
%end
run;
%MENMH_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
**

Kk

%,MACR H_CONTROLLER(dbcntlocal,casef,ctrlf);

**

** Eirst, format sas data for MH procedure

*%k-

%let mhprefix=mh;

%let dblib=MHDATA,;

%docnt= 1 %to & dbcntlocal. ;

% MH_FORMATDATBRASDATA &cnt,&casef&cnt,&ctrif&cnt)
%end

*%*

** Next, conduct PROC FREQ
*%k-

%docnt= 1 %to & dbcntlocal. ;

% MH_ANALYSI%&cnt,&dblib,&mhprefix)
%end

*%

** Calculate results and move data to SIMDATA library

*k-

% MH_CALCULAT@dbcntlocal,&dblib,&mhprefix)

Kk

%,MENIMH_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
**  grplf => prefix file name for group 1

**  grp2f => prefix file name for group 2
*%*

Kk

%,MACR H_FORMATDATA(dblib,dbptr,grp1f,grp2f);

**

** get number of respondents for G1
*%k-

Data& dblib. . &grplf (keep= Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9 Q10);

set & dblib. . &grplf end=eof;
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if eof= 1 then do;
call symputx( rentt, N);
end;
run;
*%

** huild G1 file - row for correct, row for incorrect
I’DROC MEANS NOPRINT DATA=&dblib. . &grplf;
output out=WORK.mhg1l 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.mhgl;
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
*k-
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( ‘rentt, 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)
=Q1Q2Q3 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;

Ql=&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 Mhgl and mhg2 files (into Mh&ptr)
** and transpose to complete formatting
DATA WORK.mh&dbptr;

set WORK.mhgl 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.mhé&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= tem'
run;
** cleanup;
PROC datasets library=WORK nolist nodetails;
delete mha mhb mhc mhgl mhg2;
delete mh& dbptr. ;
run;
%MENMH_FORMATDATA;

H.14: MPLUS2SAS

* MPLUS2SAS

** Macro to create a sas dataset from an Mplus file.
*%

** Called from:

** SASIRT_CONTROLLER

*%

** Macro calls:

** nla

*%

** Variables:

**  fptr => file name suffix

**  floc => file location on drive

**  fname => file name and location on drive

**  flprefix => base name of new SAS file
**

*k-

%,MACRPLUSZSAS(ﬂoc,fIname,fptr,ﬂprefix);
%let fname==&floc.\&flname;
Data  SASDATA &flprefix&fptr;

INFILE "&fname" ;
INPUT Q1 5-12 Q2 18-25Q3 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;

%MENIMPLUS2SAS;

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
*%*

Kk

%MACRMIPLUSIRT_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_OUTPU®fname,&codeloc,&outloc)
**
** read in Mplus output file and find parameter estimates
** then
** read output file (outloc) and save parameter estimates
** t0 ERRDATA.xx and PRMDATA.xx
*k-
%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.outdatal (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)= 'ltem Discriminations' then do;
Call SYMPUT( ‘chkval' , 1);
end;
end; else do;
cnt=SYMGET( 'linecnt’ );
ifcnt LT 30 then do;
cntinc=cnt+ 1;
Call SYMPUT({jinecnt' ,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.outdata? (keep=line);
Set WORK.outdatal;
Where substr(line, 1, D)="U ;
line=substr(line, 8,length(line)- 7);
run;

*%*

** get estimates and create ERRDATA and PRMDATA files
*%k-
%if & simerror. =0 %then %daqg
Data work.outdata3 (keep=Estimate StandardError);
Set work.outdata2;
format estimate StandardError Best10.6 ;
delim= S

**

** check for missing estimates from Mplus output
*%k-

tst=scan(line, 1,delim);
if index(tst, *YEQ O
then Estimate=input(tst, Best10.6 );
else Estimate= o
tst=scan(line, 2,delim);
if index(tst, " )YEQ O
then StandardError=input(tst, Best10.6 );
else StandardError= o
run;
%end

%else %dqg
** record analysis failure;

% SIM_ERRORMGNMPLUSIRT_ANALYSIS,& flname. ,Analysis failure)
** create neutral record since analysis failed;

Data work.outdata3 (keep=Estimate StandardError);

format estimate StandardError Best10.6 ;
Doi= l1to 20;
Estimate = 1;
StandardError = 9999 ;
output;
end;
run;
%end

Data ERRDATAG&fprefix. &fptr.  (keep=Parameter Estimate StandardError);
set work.outdata3 end=eof;
parms=( 'al a2 a3 a4 a5 a6 a7 a8 a9 al0 bl 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 outdatal outdata2 outdata3;
run;
%MENMPLUSIRT_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:

**  Jogflag => 1 to turn off output to log

**  |ocation => 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
**

k% .

%MACR PLUSIRT_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;

*%

** oop through flname# variables that contain
** names of files to process
*k-
%if &dbcount GT 0 %then %da
%let floc= %substr (%quote (&location),2, %length (&location)-2);
%dodbptr= 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

*%k-
’
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% MPLUS2SA®floc,&&flname&dbptr,&dbptr,&flprefix)
%end

%end

%else %dqg

% SIM_NOTIFICATION (lognote= MPLUSIRT_CONTROLLER -- ERROR -- no files to
process, logflag= 2)

%end
%MENMPLUSIRT_CONTROLLER,;

H.17: MPLUSIRT_OUTPUT

* MPLUSIRT_OUTPUT

** Macro to conduct the IRT analysis

** and save the output file

*%

** Called from:

* MPLUSIRT_ANALYSIS

*%

** Macro calls:

** nla

*%

** Variables:

**  fname => data file name and location on drive
**  codeloc => location to place Mplus code

**  outloc => location to place analysis output
**

*k-

%MACRMIPLUSIRT _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 ul1-ul0; ; output;
line= 'CATEGORICAL ARE ul-ul0;" ; output;
line= 'ANALYSIS:" ; output;
line= " ESTIMATOR = MLR;' ; output;
line= ‘MODEL:" ; output;
line= " fBY ul-ul0*; ; output;
line= ' f@l; ; output;
line= 'OUTPUT: TECHL1 TECHS;' ; 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”
%MENMPLUSIRT_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
*x and set in SIM_CONSTRUCTION

*%*
Kk

%,MACRPLUS_SIMDATA(SimID,Simloc,caseloc,ctrlIoc);

**

** delete files that are in the simulation data folders
*%k-

options xsync xmin noxwait;
%sysexec del /f/q "&ctrlloc.”

%sysexec del /flq "&caseloc."
*%

** build Mplus code, control then case groups

*k-

%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_al-m_al0 6.2 ;
format m_bl-m_b10 6.2 ;

m_SimID=SYMGET( 'SimID' ); m_size=sSYMGET( 'm_ctrl' );
m_reps=SYMGET( 'm_reps' ); m_loc=SYMGET( ‘ctrlloc’ );
m_seed=SYMGET('m_seed" );

m_al=SYMGETN(m_al' ); 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_al0=SYMGETN( 'm al0' );
m_b1=SYMGETN( 'm bl ); m_b2=SYMGETN('m b2' );

m_b7=SYMGETN( 'm_b7" ); m_b8=SYMGETN( 'm_b8" );
m_bl10=SYMGETN( 'm_b10" );

line= 'TITLE: Generated code to create control data'
line= ' for simulation ' [[m_SimID; output;
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m_b3=SYMGETN( 'm_b3" );
m_b4=SYMGETN( 'm_b4" ); m_b5=SYMGETN( 'm_b5" ); m_b6=SYMGETN( 'm_b6" );
m_b9=SYMGETN( 'm_b9" );

);
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line= 'MONTECARLO:'; output;

line= ' names = ul-ul0' [| " ;output;
line= ' generate = ul-ul0(1)' [| ;" ;output;
line= ' categorical = ul-ul0' [| ;" ;output;
tl= ' nobs="' ;2= t3=m_size;
line=tl||cats(m_size, t2); output;
t1= ' nreps=" ;
line=tl||cats(m_reps, t2); output;
t1= ' SEED =" ;
line=tl||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= " fbyul@' [[m_al; output;
line= ' u2*® [|[m_a2; output;
line= ' u3* [|m_a3; output;
line= ' u4* [I[m_a4; output;
line= ' u5* [|[m_ab5; output;
line= ' u6* [[m_a6; output;
line= ' u7*® [|[m_a7; output;
line= ' u8* [|m_a8; output;
line= ' u9* [[m_a9; output;
line= ' ulo* [|cats(m_al0, t2); output;
line= "L [| " ;output;
line= " [ul$l* [|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= ' uBs1™ [|m_b6; output;
line= ' u7$1* [|m_b7; output;
line= ' u8%$1* [[m_b8; output;
line= ' u9%1* [[m_b9; output;
line= ' ul0$1* [|cats(m_b10, """, t2); output;
line= 'MODEL:" ; output;
line= " fbyul@' [[m_al; output;
line= ' u2* [Im_a2; output;
line= ' u3* [|m_a3; output;
line= ' u4* [[m_a4; output;
line= ' u5* [|[m_ab5; output;
line= ' u6* [|[m_a6; output;
line= ' u7*® [[m_a7; output;
line= ' u8* [|[m_a8; output;
line= ' u9* [[m_a9; output;
line= ' ulo* ||cats(m_al0, t2); output;
line= B [| ;" ;output;
line= " [ulsl* [[m_b1; output;
line= ' u2%1* [[m_b2; output;
line= ' u3s1* [[m_b3; output;
line= ' u4$1* [|m_b4; output;
line= ' ub%$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= ' ul0$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
*k-
%let chkl=small; %let chk2=medium; %let chk3=large;
%if & m_size. =&chkl %then %daqg
%let m_adjval=-0.3;
%end
%else %dg
%if & m_size. =&chk2 %then %da
%let m_adjval=-0.6;
%end
%else %dqg
%if & m_size. =&chk3 %then %dq
%let m_adjval=-0.9;
%end
%else %dqg
% 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)
*k-

%if &m_target< 1 or &m_target> 10 %then %dg

% SIM_NOTIFICATION (lognote= MPLUS_SIMDATA - ABORT - item target error
"&m_target.”  logflag=  2)

%end
**;
Data WORK.mpluscase (keep=line);
length line $ 80;
format m_al-m_al0 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_al=SYMGETN(m_al" ); 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_al0=SYMGETN( 'm_al0" );
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 m_b
m

b7=SYMGETN( 'm_b7' ): m_b8=SYMGETN('m b8 ): m_b9=SYMGETN('m b9’ ):

_b10=SYMGETN( 'm_b10' );
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**

** change difficulty level for targeted item based on

** m_size value for simulation
*%k-

Kk

m_adjval=SYMGETN( 'm_adjval' );
m_target=SYMGETN( 'm_target' );

if &m_target= 1 then m_bl=m_bl+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'
line= ' for simulation ' [[m_SimID; output;
line= 'MONTECARLO:'; output;
line= ' names = ul-ul0' [| " ;output;
line= ' generate = ul-ul0(1)' [| ;" ;output;
line= ' categorical = ul-ul0' [| ;" ;output;
tl= ' nobs="' ;2= t3=m_size;
line=tl||cats(m_size, t2); output;
t1= ' nreps=" ;
line=tl||cats(m_reps, t2); output;
t1= ' SEED =" ;
line=tl||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= " fbyul@' [[m_al; output;
line= ' u2*® [|[m_a2; output;
line= ' u3* [|[m_a3; output;
line= ' u4* [I[m_a4; output;
line= ' u5* [|[m_ab5; output;
line= ' u6* [[m_a6; output;
line= ' u7*® [|[m_a7; output;
line= ' u8* [|[m_a8; output;
line= ' u9* [[m_a9; output;
line= ' ulo* [|cats(m_al0, t2); output;
line= "L [| " ;output;
line= ' [ulsl* [|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= ' uBsL™ [|m_b6; output;
line= ' u7$1* [I[m_b7; output;
line= ' u8%$1* [[m_b8; output;
line= ' u9%1* [[m_b9; output;
line= ' ul0$1* [|cats(m_b10, """, t2); output;
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line= 'MODEL:" ; output;

line= " fbyul@' [[m_al; output;

line= ' u2*® [|[m_a2; output;

line= ' u3* [|[m_a3; output;

line= ' u4* [[m_a4; output;

line= ' ub5* [|[m_ab5; output;

line= ' u6* [[m_a6; output;

line= ' u7*® [|[m_a7; output;

line= ' u8* [|[m_a8; output;

line= ' u9* [[m_a9; output;

line= ' ulo* ||cats(m_al0, t2); output;
line= "L [| " ;output;
line= ' [ulsl* [|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= ' uBsL™ [|m_b6; output;

line= ' u7$1* [|m_b7; output;

line= ' u8%$1* [[m_b8; output;

line= ' u9%1* [[m_b9; output;

line= ' ul0$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
k%

%let dfileloc=&caseloc.\Alist.dat;

data _null_;
fnrame=  "tempfile” ;
rc=filename(fname, "&dfileloc" );
ifrc= 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" );
ifrc= 0 and fexist(fname) then

rc=fdelete(fname);
rc=filename(fname);
run;
**  cleanup;
PROC datasets library=WORK nolist nodetails;
delete mpluscase mplusctrl;
run;
%MENMPLUS_SIMDATA,
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H.19: NEW_IICDATA

** NEW_IICDATA

** Macro to create first values for ICDATA file

** with passed values for A, B, C, HI, and LO

**  SPC is hard set to .005

*%

** Called from:

** BUILD_IICDATA

**

** Macro calls:

** nla

**

** Variables:

** @, b, c => IRT parameters

**  SKP => values along the latent range for IIC points
**  hi, lo => set range for IIC points

**  |TEM1 => calculated probability values along latent range
**  SPC => Interval along the ste range from hi to lo
**  chame => name of file to create

*%

*k-

%MACREEW _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;
%MENDIEW_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:

** nla

*%

** Variables:

**  flname => name of file to format

*%

Kk

%MACROAS2IRTFORMAT (flname);
** Add respondent ID variable;
Data FMTDATA&flname;
Set SASDATAZ&fIname;
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.
*%k-
Data FMTDATAA&flname(keep=varl ID item);
set FMTDATAZ&flname end=eof;
array questions(*) q1-q10;
doi= 1 to dim(questions);
item =1i;
varl = 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
*%k-
proc gimmod data= FMTDATAA&flname outdesign= FMTDATAA&flname
(rename=(item0=ID)) prefix=item zerobased,;
class item;
model varl = id item/noint;
run;
%MENBAS2IRTFORMAT,;

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:

** nla

*%

** Variables:

**  flname => name of file to create
*%

**
** NOTE: Need to add Analysis failure checking to SAS routine
*%k-
%MACRGOASIRT_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 nimixed data = FMTDATAA&flname ;
parms b1-b10 = 1s2u=.5;
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al= 1;a2= 1;a3= 1;a4= 1;a5= 1;a6= 1;ar= 1,

a8= 1;a9= 1;al0= 1;

slope =al*iteml+ a2*item2+ a3*item3+ ad*item4+ aS*item5+ a6*item6+
arritem7+ a8*item8+ a9*item9+ alO*itemlO;

eta = 1.7 *slope*(theta-(b1*item1l+ 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&fIname(keep=parameter estimate
standarderror);
proc nimixed data = FMTDATA&fIname;
bounds al-a10> 0;
parms al-al0 = 1 b1=&btmpl b2=&btmp2 b3=&btmp3 b4=&btmp4 b5=&btmp5
b6=&btmp6

b7=&btmp7 b8=&btmp8 b9=&btmp9 b10=&btmp10 s2u=&btmpl1l;
slope = al*iteml+ a2*item2+ a3*item3+ ad*item4+ ab*item5+
a6*item6+ a7*item7+ a8*item8+ a9*item9+ all*iteml0;
eta = 1.7 *slope*(theta-(b1l*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 %dag
%let rc= %sysfunc (close(&dsid));
data errdata.casef4;
set errdata.casef4;
standarderror= o
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);
%doii= %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);
%doi= 1 %to &pcount;

discrimination=&&e&i;
difficulty=&&ee&i;
OUTPUT;
%end

RUN;

%MENBASIRT_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:

**  Jogflag => 1 to turn off output to log

**  |ocation => 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
**

*%k -

%MACRSASIRT_CONTROLLER(IogfIag,Iocation,fIist,ﬂprefix);
data _null_;
set &flist end=eof;

call symputx( flname" ||left(_n_),fnames, 9 )
if eof= 1 then call symputx( ‘dbcount’ , n_, 'g" );
run;

*%*

** | oop through flname# variables that contain

** names of files to process

*%k-

%if &dbcount GT 0 %then %dg
%let floc= %substr ( %quote (&location),2, %length (&location)-2);
%dodbptr= 1 %to &dbcount;
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%  SIM_NOTIFICATION (lognote= SASIRT _CONTROLLER -- Estimating parameters
for &flprefix&dbptr,
logflag=&logflag)
% MPLUS2SA®floc,&&flname&dbptr,&dbptr,&flprefix)
%  SAS2IRTFORMARfIprefix&dbptr)
%  SASIRT_ANALYSIS(&logflag,&flprefix&dbptr)
%end
%end
%else %dqg
% SIM_NOTIFICATION (lognote= SASSIRT_CONTROLLER -- ERROR -- no files to
process, logflag= 2)
%end
%MENBASIRT_CONTROLLER,;

H.23: SIM_CLEANUP

*%* * *k*k *k*k *% *k*k *%

*%* * 1 1 *
Clean-up of libraries

k% kkkkkkkkkkkhkkkkhkkkhhkkkkhkhkkkk

*%*

** macro to clean up libraries from
** simulation activities
*%
** Variables
**  stepl => 1 if delete files from step 1
**  gstep2 => 1 if delete files from step 2
**  step3 => 1 if delete files from step 3
*%k-
%MACRGSIM_CLEANUP(stepl,step2,step3);
%if &stepl= 1 %then %dqg
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 %dqg
proc datasets library=Mhdata kill nolist nodetails;
run;
quit;
%end
%if &step3= 1 %then %dqg
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;
%MENBSIM_CLEANUP;

H.24: SIM_CONSTRUCTION

** SIM_CONSTRUCTION

** Macro to setup log file, read Excel file, and then

** puild the simulation files based on which simulation
** has been requested

*%

** Called from:

** nla

*%

** 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)

*k-

%MACRGOIM_CONSTRUCTION(SimID=,simsize=,simloc=,logflag=,estflag=);
**
** first
** delete old simlog file and find simulation parameters in excel file
*%k-
%if %sysfunc (exist(SIMDATA.simlog)) %then %dqg
Proc datasets library=SIMDATA nolist nodetails;
delete simlog;
run;
%end
% SIM_NOTIFICATION (lognote= Simulations Started -- SimID is &
&simsize. logflag=&logflag)

Proc IMPORT
DATAFILE= "&simloc.\SIMparms.xIs"
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, 0" );
call symputx( '‘m_ctrl" et 9" )
call symputx( 'm_reps' reps, ‘0" );
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call symputx( 'm_size' ,SimSize, 'g' );

call symputx( 'm_seed' ,seed, 0" )
call symputx( 'm_target'  target, ‘0" );
call symputx( 'm_al' ,al, 'g" ); call symputx( 'm_a2' ,a2, 'g" );
call symputx( 'm_a3' ,a3, 'g" ); call symputx( 'm_ a4’ a4, 9" );
call symputx( 'm_a5' ,a5, 'g" ); call symputx( 'm_a6' ,a6, '0" );
call symputx( 'm_a7' ,a7, 'g" ); call symputx( 'm_a8' ,a8, ' );
call symputx( 'm_a9 ,a9, 'g" ); call symputx( 'm_al0 ,al0, 'g" );
call symputx( 'm_b1l' ,bl, '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 %dqg
** call macro to build data using Mplus;
%let mcaseloc=&simloc.\&simid.\&m_size.\case;
%let mctrlloc=&simloc.\&simid.\&m_size.\ctrl;
% MPLUS_SIMDATESImID,&simloc,&mcaseloc,&mctrlloc)
** call macro to conduct simulation;
%if &estflag=Mplus or &estflag=SAS %then %dqg
% SIM_NOTIFICATION (lognote= SIM_CONSTRUCTION -- calling simulation
&SimID. using & estflag.
logflag=&logflag)
%let caseloc="&mcaseloc.";
%let ctrlloc="&mctrlloc.";

%5IM_CONTROLLERImID=&simID,logflag=&logflag,caseloc=&caseloc,ctrlloc=&ctrll
oc,estflag=&estflag)
%end
%else %dqg
% SIM_NOTIFICATION (lognote= SIM_CONSTRUCTION -- finished creating data
files)
%end
%end
%else %dqg
% SIM_NOTIFICATION (lognote= SIM_CONSTRUCTION -- ABORT -- Invalid SimID
"&simid"  or missing excel file, logflag= 2)
%end
%MENBSIM_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
** Jogflag => 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
i (setin SASIRT_CONTROLLER)
** flprefix => base name for generated files
*k-
%MACRGOIM_CONTROLLER(SimID=,logflag=,caseloc=,ctrlloc=,estflag=);
% SIM_NOTIFICATION (lognote= SIM_CONTROLLER -- Step One
Started,logflag=&logflag)
**

** first find parms for caseloc
*%k-
%if &caseloc "= %then %dg
%let flprecase=casef;
%let caselist=SIMDATA.casefiles;
% GET_FNAME®caseloc,&caselist)
%if &estflag=SAS %then %dqg
%  SASIRT_CONTROLLERIlogflag,&caseloc,&caselist,&flprecase)
%end
%else %if &estflag=Mplus %then %dqg
% MPLUSIRT_CONTROLLERIogflag,&caseloc,&caselist,&flprecase)
%end
%end
*%*
** next, find parms for ctrllist
*%k-
%if &ctrlloc "= %then %dg
%let flprectrl=ctrlf;
%let ctrllist=SIMDATA.ctrlfiles;
% GET_FNAME®&ctrlloc,&ctrllist)
%if &estflag=SAS %then %dg
%  SASIRT_CONTROLLE®logflag,&ctrlloc,&ctrllist,&flprectrl)
%end
%else %if &estflag=Mplus %then %dqg
%  MPLUSIRT_CONTROLLERIogflag,&ctrlloc,&ctrllist,&flprectrl)
%end
%end
*%
** |f both case and control, call equate before building 11IC
*%k-
% SIM_NOTIFICATION (lognote= SIM_CONTROLLER -- WAM building

started,logflag=&logflag)
%if &caseloc "= %then %dqg
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%if &ctrlloc "= %then %dg
% CHECK_ DAT&simID,&dbcount,ERRDATA, &flprecase,&flprectrl,logflag)
% EQUATE_GROUBERMDATA,&dbcount,&flprecase,&flprectrl)
% CREATE_CONTROLLE&RIbcount,&flprecase,&logflag)
% CREATE_CONTROLLE&Ibcount,&flprectrl,&logflag)
%end
%else %dg
% CREATE_CONTROLLE&Rbcount,&flprecase,&logflag)
%end
%end
%else %dg
%if &ctrlloc "= %then %dg
% CREATE_CONTROLLE&Ibcount,&flprectrl,&logflag)
%end
%end
*%
** next, conduct the WAM analysis
*%k-
% SIM_NOTIFICATION (lognote= Calling WAM_CONTROLLER -- calculating AREA and
WAM values,logflag=&logflag)
%if &caseloc "= %then %dg
%if &ctrlloc "= %then %dg
% WAM_CONTROLLERIbcount,&flprecase,&flprectrl)
%end
%end
*%
** Now conduct Mantel Hanszel on SAS data in SASDATA library
*%k-
% SIM_NOTIFICATION (lognote= SIM_CONTROLLER -- Step Two
Started,logflag=&logflag)

%if &caseloc "= %then %dag
%if &ctrlloc ~= %then %dag
% MH_CONTROLLE&dIbcount,&flprecase,&flprectrl)
%end
%end

**

** call SIM_RESULTS (library and files are hard coded)

Kk

% 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
Jlogflag=&logflag)
*k-

%MIéNISIM_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:

*r krkkkkkeekk® - 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

Fkkkkekxkkex DART 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,grplpre,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)

weemeeoecs 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)

rreepikkkrk 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)

reepikkkkrk - Stand alone and multiple callers
SIM_CLEANUP(stepl,step2,step3)
SIM_NOTIFICATION(lognote,logflag)
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**

** * *kkkkkkk *kkkkkkk *%
** % Environment Setup *
*k  kkkkkkkkkkkkkkkhkkkkkkkkkkkkikhkik

*k-
)

LIBNAMESIMDATA 'D:\cfs\Dissertation\SAS\Data\SIM' ;
LIBNAME SASDATA 'D:\cfs\Dissertation\SAS\Data\SAS' ;
LIBNAMEFMTDATA 'D:\cfs\Dissertation\SAS\Data\FMT' ;
LIBNAMEPRMDATA 'D:\cfs\Dissertation\SAS\DATA\PRM' ;
LIBNAMEERRDATA 'D:\cfs\Dissertation\SAS\DATA\ERR' :
LIBNAMECRTDATA 'D:\cfs\Dissertation\SAS\DATA\CRT' ;
LIBNAMEWAMDATA'D:\cfs\Dissertation\SAS\Data\WAM' ;
LIBNAMEMHDATA 'D:\cfs\Dissertation\SAS\Data\MH' ;
LIBNAMELIBMAC 'D:\cfs\Dissertation\SAS\MACROS' ;
OPTION SASMSTORH.IBMAC;
OPTION USER-WORK;
FILENAME fileref 'D:\cfs\Dissertation\SAS\macros\Library'
OPTIONS MAUTOSOURCEASAUTOS(SASAUTOS fileref);
Proc FORMAT

value f yesno 0= 'No'

1= 'Yes' ;

run ;

** Choose below for debugging macros;

OPTION NOMPRINTNOMLOGICNOSYMBOLGEN
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

** Jogflag => 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 **

*k-
)

%5IM_CLEANUR1, 1, 1) **clear data files - crt, err, fmt, etc.;
DM 'ODSRESULTS' CLEAR;  **clear results window;

%5IM_CONSTRUCTIOIMID=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:

** nla

*%*

** Variables:

** machame => name of macro that captured error
** flname => file name that involves the error

** errnote => message about error
**

*%

*k-

%MACRGOGIM_ERRORMGMT(macname,flname,errnote);
** jdentify macro to selection action;
%if &macname = MPLUSIRT_ANALYSIS %then %dag
%if %sysfunc (exist(SIMDATA.simerror)) %then %dg
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 %dqg
Data SIMDATA.simerror;

Retain id;
format macname $CHARZ25. flname  $CHAR1O0. errnote
id= 1;
macname=SYMGET( 'macname’ );

flname=SYMGET( flname' );
errnote=SYMGET( ‘errnote’ );
run;
%end
%end
** add error handling from macros below this message;
%MENBIM_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:

**  gimID => simulation ID
*%

*%k-
%MACRGIM_GRAPH(simID);
*%
** create prob and IIC curve for item and simulation
** run with largest WAM value
*%k-
%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 Wla GT maxchk then do;

call SYMPUT( 'maxwam’' ,W1a); call SYMPUT(

SYMPUT(maxitem" , 1);
end;
if W2a GT maxchk then do;

call SYMPUT( ‘maxwam’' ,W2a); call SYMPUT(

SYMPUT(maxitem' , 2);
end;
if W3a GT maxchk then do;

call SYMPUT( ‘maxwam’ ,W3a); call SYMPUT(

SYMPUT(maxitem" , 3);
end;
if W4a GT maxchk then do;

call SYMPUT( 'maxwam’ ,W4a); call SYMPUT(

SYMPUT(maxitem" , 4);
end;
if W5a GT maxchk then do;

call SYMPUT( 'maxwam' ,W5a); call SYMPUT(

SYMPUT(maxitem' , 5);
end;
if W6a GT maxchk then do;

call SYMPUT( 'maxwam’' ,Wéa); call SYMPUT(

SYMPUT(maxitem' , 6);
end;
if W7a GT maxchk then do;

call SYMPUT( ‘maxwam’' ,\W7a); call SYMPUT(

SYMPUT(maxitem" , 7);
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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 ;

YWAM_GRAR&sImMID,CRTDATA.casef, CRTDATA.ctrlf, CRTDATA.ctrlf, &maxsim,&maxitem)
*%*

** create trend graph of sorted mean WAM values
**-
tltle "WAM descriptives for SIMID &simID." ;
proc means data=SIMDATA.wam_sim mean median min max Q1 Q3;
var Wla W2a W3a W4a W5a W6a W7a W8a W9a W10a;
where Wla NE O; ** 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 ltem= "ltem' ;
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=ltem y=MEDIAN / lineattrs=(thickness= 2) curvelabel= '‘Median
value' ;
run;
** clean-up;

PROC datasets library=WORK nolist nodetails;
delete tmp tmp2 tmp3 tmp4 tmp5;
run;
%MENBIM_GRAPH,;
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H.29: SIM_HITSBYPROCESS

** SIM_HITSBYPROCESS
** Macro to combine analysis from results files into a single file
** 10 review number of times each item was selected for DIF review

**

*%

** Called from:

** SIM_RESULTS

**

** Macro calls:

** nla

**

** Variables:

**  gsimID => 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
**

*k-

%’MACRSIM_HITSBYPROCESS(simID,dblib,areafile,wamfile,mhfile);

*%*

** for area and WAM find max from values list of differences
*%k-
Data work.dtmpl (keep=sim area);
SET & dblib. . &areafile end=eof;
sim=_n_;
ARRAY findmax [*] Ala A2a A3a Ada ASa A6a A7a A8a A9a Al0a;
largest=MAX(Ala, A2a, A3a, Ada, A5a, Aba, A7a, A8a, A9a, Al10a);
doi= 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( ‘rowent'  , n);
run;

Data WORK.areatmp (KEEP=Q1-Q10);
cnt=SYMGET( 'rowcnt'" ),

do i=1tocnt;
ptr=SYMGETN( ‘found"  [|left(i));
if ptr= 1then Q1= 1;else Q1= O0;
if ptr= 2then Q2= 1;else Q2= O0;
if ptr= 3then Q3= 1;else Q3= O0;
if ptr= 4then Q4= 1;else Q4= O;
if ptr= 5then Q5= 1;else Q5= O0;
if ptr= 6 then Q6= 1;else Q6= O0;
if ptr= 7 then Q7= 1;else Q7= O0;
if ptr= 8then Q8= 1;else Q8= O0;
if ptr= 9then Q9= 1;else Q9= O0;
if ptr= 10 then Q10= 1;else Q10= O0;

output;
end;

run;
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Data work.dtmp2 (keep=sim wam);
SET & dblib. . &wamfile end=eof;
sim=_n_;
ARRAY findmax [*] W1la W2a W3a W4a W5a W6a W7a W8a W9a W10a;
largest=MAX(W1la, W2a, W3a, W4a, W5a, W6a, W7a, W8a, W9a, W10a);
doi= 1 to DIM(findmax);
IF findmax]i]=largest then do;

Call SYMPUTX( found" [|left(_n_),i);
wams=i;
end;
end;
if eof then CALL SYMPUTX( ‘rowent'  , n);

run;
Data WORK.WAMtmp (KEEP=Q1-Q10);
cnt=SYMGET( 'rowcnt'" ),

do i=1tocnt;
ptr=SYMGETN( ‘found"  [|left(i));
if ptr= 1then Q1= 1;else Q1= O;
if ptr= 2then Q2= 1;else Q2= O0;
if ptr= 3then Q3= 1;else Q3= O0;
if ptr= 4then Q4= 1;else Q4= O;
if ptr= 5then Q5= 1;else Q5= O0;
if ptr= 6 then Q6= 1;else Q6= O0;
if ptr= 7 then Q7= 1;else Q7= O0;
if ptr= 8then Q8= 1;else Q8= O0;
if ptr= 9then Q9= 1;else Q9= O0;
if ptr= 10 then Q10= 1;else Q10= O;

output;
end;

run;

**

** find sums for each question selected by analysis type
*%k-
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)

=Q1Q2Q3Q4Q5Q6 Q7 Q8 Q9 Q10;

run;

Data WORK.R3(DROP = TYPE_ FREQ );
set WORK.R3;
analysis= 'MH' ;
run;
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** bhuild 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
*%k-
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.dtmpl 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;
%MENBIM_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:

** nla

*%

** Variables:

** |lognhote => message that is written to the simlog file
** |ogflag => 1 to turn off future log window output

** 0 to turn on output to log window

** 2 to ABORT simulation after writing to simlog
*%*

*%*
Kk

%MACRGOIM_NOTIFICATION(lognote=missing note,logflag=);
%if &logflag= 1 %then %dg
options nosource nonotes;
ods results off;
%end
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%else %dg

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 %dqg
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 %dq
%ABORT
%end

%MENBSIM_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:

** nla

*%

** Variables:

**  gimID => simulation ID

**  libname => library storing fname file (i.e. Sel_TBL)
**  fname => file containing data for Sel GPH

**

Kk

%,MACRSIM_PREGRAPH(simID,Iibname,fname);

*%
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** puild Sel_GPH file
Data & libname. .S el _GPH (Keep=SimID method item);
Set & libname. . &fhame ;
format SimID $charl2. ;
SimID=symget( ‘'simID" );
If Q1> 0 then do;
doi= 1to Q1
method=ID; item= 1; output;
end;
end;
If Q2> 0 then do;
doi= 1to Q2;
method=ID; item= 2; output;
end;
end;
If Q3> 0 then do;
doi= 1to Q3;
method=ID; item= 3; output;
end;
end;
If Q4> 0 then do;
doi= 1 to Q4;
method=ID; item= 4; output;
end;
end;
If Q5> 0 then do;
doi= 1 to Q5;
method=ID; item= 5; output;
end;
end;
If Q6> 0 then do;
doi= 1 to Q6;
method=ID; item= 6; output;
end;
end;
If Q7> 0 then do;
doi= 1to Q7,
method=ID; item= 7; output;
end;
end;
If Q8> 0 then do;
doi= 1to Q8;
method=ID; item= 8; output;
end;
end;
If Q9> 0 then do;
doi= 1 to Q9;
method=ID; item= 9; output;
end;
end;
If Q10> 0 then do;
doi= 1 to Q10;
method=ID; item= 10; output;
end,;
end;
run;

246



%MENBIM_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
**

*%k-
%MACRGOIM_RESULTS(simID,dblib,areafile,wamfile,mhfile,logflag);
*%k-
% SIM_NOTIFICATION (lognote= SIM_RESULTS -- WAM and SE
Report,logflag=&logflag)
*%

** create simvalid data set to identifiy successful simulations;
*%k-
Data SIMDATA.simvalid (keep = sim Good);
Set SIMDATA.Area_sim (rename=(Ala=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)
*%k-

%, SIM_HITSBYPROCES&:simID,&dblib,&areafile,&wamfile,&mhfile)

*%

** next, review WAM and standard errors

*k-

%’ SIM_STDERRORE&RRDATA,SIMDATA)

*%*

**finish with analyses

*k-

%, SIM_NOTIFICATION (lognote= SIM_RESULTS -- -- Graphics
Creation,logflag=&logflag)
*k-

ods results on; ** force results window to on **;
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*%k-

% SIM_STDANALYSIS&simID,SIMDATA, estimates,&mbhfile,&areafile, &wamfile)
*%k-

ods html;

% SIM_GRAPHK&simID)
*%

** create table using Area_vs_wam_vs_MH dataset
*%k-

** NOTE -- hard coded for item #4;
*k-
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 andwam 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
*%k-
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 Ql=lthentl= 1;elsetl= o ifQ2= 1lthent2=  2;else t2=

if Q3=lthent3= 3;elset3= "t ifQ4=  1lthentd=  4;else t4=

if Qb5=lthents= 5;elsetb= "t ifQ6=  1lthenté=  6; else t6=

if Q7=lthent7= 7;elset7= "t ifQ8=  1thent8= 8;else t8= a

if Q9=1thent9= 9;elset9= o ifQ10= 1thentlO=  10; else t10=
MH_items = catx( "roof 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. ;

tmpl=put(area, 2.); tmp2=put(wam, 2.);
ptri=indexw(MH_items,tmp1); ptr2= mdexw(MH items tmp2)
if ptrl GT 0 then ml= 'AREA' ;elseml= "' ;
if ptr2 GT 0 then do;
m2= 'WAM';
WAM_matched = 1;
end;
else do;
m2= ;
WAM matched = 0;
end:
Matched = catx( " of ml m2);
MH_ hits=countw(MH_items, o)L
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=A 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  wamsb then WAM_value=W5a; if wam= 6 then WAM_value=W6a;

if  wam= then WAM_value=W7a; if wam= 8 then WAM_value=W8a;

if  wam=29 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 "Assummg MH is correct, WAM Value Descriptives - SIM &S|m|d

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

%MENBIM_ 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

k%
*%*

** Called from:

**  SIM_STDANALYSIS

*%

** Macro calls:

** nla

**

** 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
**

*k-

%’MACRSIM_SEMISSING(simID,Iibname,estfiIe);

*%*

** conduct missingness analysis on standard error estimates
*k-
Data work.sel (keep=grp item);
Set simdata.estimates;
length item $ 4;

grp= 1;

if glael=. then do;item= ‘a0l ; output; end;
if glae2=. then do;item= '‘a02" ; output; end;
if glae3=. then do;item= 'a03" ; output; end;
if glaed=. then do;item= '‘a04' ; output; end;
if glae5=. then do;item= '‘a05" ; output; end;
if glae6=. then do;item= 'a06" ; output; end;
if glae7=. then do;item= 'a07' ; output; end;
if glae8=. then do;item= 'a08" ; output; end;
if glae9=. then do;item= '‘a09" ; output; end;
if glaelO=. then do; item= '‘al0" ; output; end,;
grp= 2;

if gZael— then do; item= ‘a0l ; output; end;
if g2ae2=. then do; item= 'a02' ; output; end;
if g2ae3=. then do; item= 'a03" ; output; end;
if g2aed=. then do; item= '‘a04' ; output; end;
if g2aeb=. then do; item= 'a05" ; output; end;

250



if g2ae6=.
if g2ae7=.
if g2ae8=.
if g2ae9=.
if g2ael0=
grp= 1;
if glbel=.
if glbe2=.
if glbe3=.
if glbe4d=.
if glbeb=.
if glbe6=.
if glbe7=.
if glbe8=.
if glbe9=.
if glbelO=
grp= 2;
if g2bel=.
if g2be2=.
if g2be3=.
if g2bed=.
if g2beb=.
if g2beb6=.
if g2be7=.
if g2be8=.
if g2be9=.
if g2bell=.

run;

ODS HTML;

Titlel

Title2

. then do; item

. then do; item

then do; item=
then do; item=
then do; item=
then do; item=

then do; item=
then do; item=
then do; item=
then do; item=
then do; item=
then do; item=
then do; item=
then do; item=
then do; item=

then do; item=
then do; item=
then do; item=
then do; item=
then do; item=
then do; item=
then do; item=
then do; item=
then do; item=
then do; item=

Proc gchart data=WORK _.sel;
vbar3d item / group=grp autoref discrete patternid=midpoint;
label item= 'Identified Item’

run;

quit;

ODS HTML CLOSE;

%MENBSIM_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

*%*

*%

**

k%

*%*

*%*

*%

**

k%

*%*

*%*

*%

Called from:
SIM_RESULTS

Macro calls:
SIM_SELECTED

SIM_PREGRAPH

SIM_UNIVARIATE

SIM_SEMISSING

'a06" ; output; end;
'a07" ; output; end;
'a08" ; output; end;
'‘a09" ; output; end;
'‘al0" ; output; end;

'b01" ; output; end;
'b02" ; output; end;
'b03" ; output; end;
'b04" ; output; end;
'b05" ; output; end;
'b06" ; output; end;
'b07" ; output; end;
'b08" ; output; end;
'b09" ; output; end;
'b10" ; output; end;

'b01" ; output; end;
'b02" ; output; end;
'b03" ; output; end;
'b04" ; output; end;
'b05" ; output; end;
'b06" ; output; end;
'b07" ; output; end;
'b08" ; output; end;
'b09" ; output; end;
'b10" ; output; end;

"Missing StdErr Estimates from Analysis Routine"
"SimID = &simID" ;

grp= ‘<= Group'
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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
**

*k-

%’MACRSIM_STDANALYSIS(simID,Iibname,estfile,mhfile,areafile,wamfile);

*%*

** Call SIM_STDSELECTED to create "Sel_TBL" file for a SIM report

Kk

%, SIM_STDSELECTERRIlibname,&mhfile,&areafile, &wamfile)

**

** create histogram with Sel_TBL data file
*k-

%, SIM_PREGRAPE:simID,&libname,Sel_TBL);

*k-

Options dtreset pageno= 1;

footnote;

ODS HTML;

goptions reset=all;

Titlel "ltem 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
*%k-
Data work.estl (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=Ala; item= 1; output; score=A2a; item= 2; output;
score=A3a; item= 3; output; score=Ada; item= 4; output;
score=Aba; 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.estl WORK.est2;
run;
Titlel "Box & Whiskers Plot of Estimated WAM Values, SimID = &S|mID
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 */
axisl 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;
Titlel "Box & Whiskers Plot of Estimated AREA Values, S|mID &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

*k-

%, SIM_UNIVARIATE (&simID,&libname,&estfile)

*%*

** conduct missingness analysis on standard error estimates
*k-

% SIM_SEMISSING(&simID,&libname, &estfile)
*%k-
Title;
Footnote;
%MENSIM_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
**

*k-
%MACRGOIM_STDERRORS(errlib, wamlib);
*%
** NOTE: file structure is partially hardcoded as well
*x as file names - future code enhancement
**

**  get list of files in library and store in fnum#
*%k-
PROC datasets library=&errlib memtype=data nodetails;

contents out=WORK.templ(keep=memname) data=_all_ noprint;
run;
Data _null_;

set WORK.temp1l 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
%doi= 1 %to &cnt;
% SIM_STDTRANSPOSRerrlib,&i,casef&i,ctrlf&i)
%end
** merge vals# files created by SIM_STDTRANSPOSE;
Data SIMDATA .estimates;
SET WORK.vals1;
run;
%doi= 2 %to &cnt;
DATA SIMDATA.estimates;
SET SIMDATA.estimates WORK.vals&i;
run;
%end
** rename columns;
Data SIMDATA.estimates (rename=(aal=glal aa2=gla2 aa3=gla3 aad4=gla4d
aab=glab aa6=gla6 aa7=gla7 aa8=gla8 aa9=gla9 aal0=glalO aall=glbl
aal2=g1b2 aal3=g1b3 aal4d=glb4 aal5=g1b5 aal6=g1lb6 aal7=glb7
aal8=g1b8 aa19=g1b9 aa20=g1b10 aa21=g1s2u
bbl=glael bb2=glae2 bb3=glae3 bb4=glae4 bb5=glae5 bb6=glaeb
bb7=glae7
bb8=glae8 bb9=glae9 bb10=glael0 bbll=glbel bbl2=glbe2 bb13=glbe3
bbl4=glbe4
bb15=g1be5 bb16=glbe6 bb17=glbe7 bb18=g1lbe8 bb19=glbe9 bb20=glbel0
bb21=gl1s2ue
ccl=g2al cc2=g2a2 cc3=g2a3 cc4=g2as
cc5=g2ab cc6=g2ab cc7=g2a7 cc8=g2a8 cc9=g2a9 cc10=g2al0 ccll=g2bl
ccl2=g2b2 cc13=g2b3 ccl14=g2b4 cc15=9g2b5 cc16=g2b6 cc17=g2b7
cc18=g2b8 cc19=g2b9 cc20=g2b10 cc21=g2s2u
dd1=g2ael dd2=g2ae2 dd3=g2ae3 dd4=g2ae4 dd5=g2ae5 dd6=g2aeb
dd7=g2ae7
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dd8=g2ae8 dd9=g2ae9 dd10=g2ael0 dd11=g2bel dd12=g2be2 dd13=g2be3
dd14=g2be4
dd15=g2be5 dd16=g2be6 dd17=g2be7 dd18=g2be8 dd19=g2be9 dd20=g2bel0
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;
%doi= 1 %to &cnt;
delete vals&i;
%end
run;
%MENBIM_STDERRORS;

H.36: SIM_STDSELECTED

** SIM_STDSELECTED
** Macro to conduct the analysis the number of times each of the

** jtems were selected by each method
*%*

*%*

** Called from:

**  SIM_STDANALYSIS

*%

** Macro calls:

** nla

**

** 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
**

*k-

%MACRGOIM_STDSELECTED(libname,mhfile,areafile,wamfile);

*%

** Create "Sel_TBL" file that contains counts of selected items from
**running MH, area, and WAM

Kk

%let qcntl=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_;
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set &

run;

libname.
call symputx(
call symputx(
call symputx(
call symputx(
call symputx(
call symputx(
call symputx(
call symputx(
call symputx(
call symputx(

. &mhfile end=eof;

%doi= 1 %to &fent;

%let
%let
%let
%let
%let
%let
%let
%let
%let
%let
%end

Data WORK.S1 (KEEP=ID Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9 Q10);

gcntl=
qcnt2=
qcnt3=
qcntd=
qcnt5=
qcnté=
qcnt7=
qcnt8=
qcnt9=
qcntl0=

Length ID $

.q9:.
'q10."
if  eof= 1 then call symputx(

||left(_n_),q1);
||left(_n_),q2);
||left(_n_),q3);
||left(_n_),q4);
||left(_n_),q5);
||left(_n_),q6);
||left(_n_),q7);
||left(_n_),q8);
|lleft(_n_),q9);

|lleft(_n_),q10);

'fent'

%eval (&gcntl+&&ql_&i);
%eval (&qcnt2+&&q2_&i);
%eval (&gcnt3+&&Q3_&i);
%eval (&qcnt4+&&q4d_&i);
%eval (&qcnt5+&&q5_&i);
%eval (&gcnt6+&&q6_&i);
%eval (&qcnt7+&&q7_&i);
%eval (&gcnt8+&&q8 &i);
%eval (&qcnt9+&&q9_&i);
%eval (&qcnt10+&&g10_&i);

4: D=

Q1 = SYMGETn(
Q3 = SYMGETn(
Q5 = SYMGETn(
Q7 = SYMGETn(
Q9 = SYMGETn(

run;
*%

‘qentl’
‘gent3’
‘qentb’
‘gent?’
‘gent9’

** now add area info.

*k-

%let qcntl=0;
%let qcnt4=0;
%let qcnt7=0;
%let qcnt10=0;
Data _NULL_;

set &

run;

libname.
call symputx(
call symputx(
call symputx(
call symputx(
call symputx(
call symputx(
call symputx(
call symputx(
call symputx(
call symputx(

if  eof= 1 then call symputx(

‘MH' :

);
);
);
);
);

%let qcnt2=0;
%let qcnt5=0;
%let qcnt8=0;

,_N_);

Q2 = SYMGETN(
Q4 = SYMGETn(
Q6 = SYMGETN(
Q8 = SYMGETNn(
Q10 = SYMGETN(

. &areafile end=eof;

%doi= 1 %to &fcnt;

%let ptr=1;

%let maxval=&&ql_&i;

'fent'

‘gent2’
‘qcnt4’
‘qcnt6’
‘gent8’
‘gent10’

%let qcnt3=0;
%let qcnt6=0;
%let qcnt9=0;

‘gl " |lleft(_n_),Ala);
‘92" ||left(_n_),A2a);
‘93 " |left(_n_),A3a);
‘94 " ||left(_n_),Ada);
‘95" ||left(_n_),A5a);
‘96 " |[left(_n_),A6a);
'q7 " |lleft(_n_),A7a);
‘98 " |[left(_n_),A8a);
‘99 " ||left(_n_),A9a);
‘910 " ||left(_n_),Al0a);

_N);
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%doj= 2 %to 10;

%if %sysevalf (&maxval LT &&g&j. &i) %then %dqg
%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);
LengthID $ 4; ID= ‘area’

Q1=SYMGETn( ‘gcntl’  ); Q2=SYMGETn( ‘'gcnt2' );

Q3 =SYMGETn( ‘gcnt3" ); Q4=SYMGETn( ‘gcntd" ),

Q5 =SYMGETn( ‘gcnt5"  ); Q6 =SYMGETn( 'gcnte' )

Q7 =SYMGETn( ‘gcnt7"  ); Q8 =SYMGETn( 'gcnt8' )

Q9 =SYMGETn( ‘'gent9"  ); Q10=SYMGETn( ‘qcntl0 );
run;

**

** now add WAM info.

Kk

%let qcntl=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( ‘gl " |[left(_n_),W1a);
call symputx( ‘92" ||left(_n_),W2a);
call symputx( ‘93" |left(_n_),W3a);
call symputx( ‘g4 " |left(_n_),W4a);
call symputx( ‘95 " |left(_n_),W5a);
call symputx( ‘96 " ||left(_n_),W6a);
call symputx( 'q7_" ||left(_n_),W7a);
call symputx( ‘98 " ||left(_n_),W8a);
call symputx( ‘99 " |left(_n_),W9a);
call symputx( 'ql0 " |Jleft(_n_),W10a);
if  eof= 1 then call symputx( fent  , n);

run;

%doi= 1 %to &fent;

%let ptr=1;

%let maxval=&&ql_&i;
%doj= 2 %to 10;
%if %sysevalf (&maxval LT &&g&j. &i) %then %dqg
%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);
LengthID $ 4; ID= "WAM' ;

Q1 =SYMGETn( ‘'gentl' ); Q2=SYMGETn( ‘'gcnt2'
Q3 =SYMGETn( ‘'gent3'  ); Q4 =SYMGETn( 'gentd!
Q5 =SYMGETn( ‘'gent5'  ); Q6 =SYMGETn(  'gent6é’
Q7 =SYMGETn( ‘'gcnt7'  ); Q8 =SYMGETn( ‘'gcnt8 );

Q9 =SYMGETn( ‘'gent9"  ); Q10=SYMGETn( ‘qcntl0 );

run;
*%

N N N
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** now merge files

**;

Data & libname. .Sel TBL;
Set WORK.S1 WORK.S2 WORK.SS;

run;
**  cleanup;

PROC datasets library=WORK nolist nodetails;
delete S1 S2 S3;

run;

%MENBIM_STDSELECTED;

H.37: SIM_STDTRANSPOSE

** SIM_STDTRANSPOSE
** Macro to transpose estimates and standard errors into
** a single row

**

*%

** Called from:

**  SIM_STDERRORS

*%

** Macro calls:

** nla

*%*

** 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
*%

*k-

%MACRGIM_STDTRANSPOSE errlib,ptr,casefile,ctrlfile);

Data WORK.temp1,

Set & errlib. . &casefile;
ID=&ptr;

Run;

Data WORK.temp2;
Set & errlib. . &ctrifile;
ID=&ptr;

Run;

Proc transpose data=WORK.templ out=WORK.parm1l (DROP=_NAME ) prefix=aa;
by ID;
var estimate;

run;

Proc transpose data=WORK.temp1l out=WORK.errl (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.errl WORK.parm2 WORK.err2;
by ID;
run;
**  cleanup;
PROC datasets library=WORK nolist nodetails;
delete parml parm2 errl err2 templ temp2;
run;
%MENBIM_STDTRANSPOSE;

H.38: SIM_UNIVARIATE

** SIM_UNIVARIATE
** Macro to conduct univariate analysis on the
** estimated parameters in the Estimates SIM file

**

k%

** Called from:

**  SIM_STDANALYSIS

*%

** Macro calls:

** nla

*%*

** 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
**

Kk

%’MACRSIM_UNIVARIATE(simID,Iibname,efile);

k%

** conduct univariate analysis on each estimate
*k-

ODS HTML;
options nodate;
titlel "Discriptive Analysis of Parameter Estimate for SimID=&simID."
proc means data=& libname. . &efile;
var glal-glalo;
Title2 '‘Case Group - Discrimination Estimate (gla)' ;
label glal= '‘Q1' gla2= 'Q2' gla3= 'Q3' glad= 'Q4
gla5= '‘Q5' glab= 'Q6' gla7= 'Q7' gla8= 'Q8
glao= '‘Q9" glall= 'Ql0" ;
run;
proc means data=& libname. . &efile;
var g2al-g2alo;
Title2 ‘Control Group - Discrimination Estimate (g2a)'
label g2al= '‘Q1" g2a2= 'Q2' g2a3= 'Q3" g2ad= Q4
g2a5= '‘Q5" g2a6= 'Q6' g2a7= 'Q7' g2a8= 'Q8
g2a9= '‘Q9" g2al0= 'Q10" ;
run;
proc means data=& libname. . &efile;
var g1b1-g1b10;
Title2 '‘Case Group - Difficulty Estimate (g1b)' ;
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label g1bl= '‘Q1" glb2= 'Q2" g1b3= 'Q3" glb4= 'Q4'

glb5= '‘Q5" glb6= 'Q6" glb7= 'Q7" glb8= 'Q8
glbo= '‘Q9" glbl0= 'Q10" ;

run;

proc means data=& libname. . &efile;

var g2b1-g2b10;

Title2 '‘Control Group - Difficulty Estimate (g2b)'

label g2bl= '‘Q1" g2b2= 'Q2' g2b3= 'Q3" g2bd= 'Q4'
g2b5= '‘Q5" g2b6= 'Q6' g2b7= 'Q7" g2b8= 'Q8
g2b9= '‘Q9" g2b10= 'Q10" ;

run;

proc means data=& libname. . &efile;

var glael-glaeloO;

Title2 '‘Case Group - Discrimination Std Error Estimate (glae)'

label glael= '‘Q1" glae2= 'Q2' glae3= 'Q3
glaed= '‘Q4" glaeb= 'Q5' glae6b= 'Q6'
glae7= '‘Q7" glae8= 'Q8 glae9= 'Q9Y'
glaelO= 'Q10' ;

run;

proc means data=& libname. . &efile;

var g2ael-g2aelo;

Title2 '‘Control Group - Discrimination Std Error Estimate (g2ae)’

label g2ael= '‘Q1' g2ae?2= 'Q2" g2ae3= 'Q3
g2ae4d= 'Q4" g2aeb= 'Q5' g2ae6= 'Q6'
g2ae’7= '‘Q7" g2ae8= 'Q8 g2ae9= 'Q9Y
g2ael0= 'Q10" ;

run;

proc means data=& libname. . &efile;

var glbel-glbel0;

Title2 '‘Case Group - Difficulty Std Error Estimate (glbe)'

label glbel= 'Q1" glbe2= 'Q2" glbe3= 'Q3" glbed= 'Q4'
glbe5= '‘Q5" glbeb= 'Q6' glbe7= 'Q7' glbe8= 'Q8'
glbe9= '‘Q9" glbell= 'Q10" ;

run;

proc means data=& libname. . &efile;

var g2bel-g2bel0;

Title2 '‘Control Group - Difficulty Std Error Estimate (g2be)’

label g2bel= '‘Q1" g2be2= 'Q2" g2be3= 'Q3" g2bed= Q4
g2beb= '‘Q5" g2beb= 'Q6' g2be7= 'Q7' g2be8= 'Q8'
g2be9= 'Q9" g2bel0= 'Q10" ;

run;

proc means data=& libname. . &efile;

var Wla W2a W3a W4a W5a W6a W7a W8a
W9a W10a,;

Title2 "WAM Value Estimate (WAM)" ;

label Wla= '‘Q1" W2a='Q2" W3a='Q3" Wd4a='Q4'
W5a= '‘Q5" W6a='Q6' W7a='Q7' W8a='Q8'
W9a= '‘Q9" W10a='Q10" ;

run;

ODS HTML CLOSE;

Title;

Footnote;

%MENIBIM_UNIVARIATE;

H.39: WAM_CALCULATION
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** WAM_CALCULATION
** Macro to conduct the WAM analysis.

*%

*%*

** Called from:

** WAM_CONTROLLER

*%

** Macro calls:

** nla

*%

** Variables:

**  dbpr => sim file pointer for file names

**  casefile => library and file name of case group

**  ctrifile => library and file name of control group
**

*k-

%’MACRWAM_CALCULATION(dbptr,casefile,ctrlfile);

*%

** calculate differences in probabilities between groups

*k-
)

%doj= 1 %to 10;
Data WORK.d1temp (keep = skp glval);
set &casefile end=eof;
glval=ITEM&;j;
run;
Data WORK.d2temp (keep = skp g2val);
set &ctrifile end=eof;
g2val=ITEM&;;
run;
Data WORK.d12temp;
MERGE WORK.d1temp WORK.d2temp;
by skp;
run;
%if &= 1 %then %daqg
Data WAMDATA.difffile&dbptr (DROP = glval g2val);
set WORK.d12temp;
dvall = abs(glval - g2val);
run;
%end
%else %dg
Data WORK.d12temp (DROP = glval g2val);

set WORK.d12temp;
dval&j = abs(glval - 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 lICcase=0; %let lICctrl=1; %let lICavg=0; %let [ICsqr=1;*/

*%*

** get IIC values from control group,sqgr them, and calc WAM value

*%k-
’
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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=IICS;
vO=I1IC9; v10=1I1C10;
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=dvall*v1l; 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;
%MENDVAM_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
*%*

*k-
%MACRWAM_CONTROLLER(dbcntlocal,flprecase,flprectrl);
*%
** _oop through files in PRMDATA library for WAM analysis
** names of files to process (i.e. analyse and report)
*k-
%let location=CRTDATA;
%Dodbptr= 1 %to &dbcntlocal;
% WAM_CALCULATIQRIdbptr,& location. . &flprecase&dbptr,
&location. . &flprectri&dbptr);
%end
**
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** get area differences for comparison to WAM values

*k-

%, AREA_CALCULATIORdbcntlocal,&flprecase,&flprectrl);

*%*

** merge WAM data into a single file
*%k-
%let location=WAMDATA,;
%dodbptr= 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)
= W1la 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' );
Wla=W1la* 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 %da
%Doi= 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;
%doi= 1 %to & dbcntlocal. ;
delete wsumé& i
%end
run;
%MENDVAM_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:

** nla

**

** Variables:

**  simID => simulation ID

**  dbcntlocal => number of SIM pairs in completed analysis
**  casefile => library and file name of case group
**  ctrifile => library and file name of control group
** jicfile => library and file name for iic file

** (if missing, default to control file)
*%

Kk

%,MACRWAM_GRAPH(simID,casefile,ctrlfile,iicfile,fileptr,itemptr);

*%

** compare two prob. curves - one case and one ctrl

*k-
l

%let locl=&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 filel (KEEP = skp G1);

set & locl. (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 filel 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=

series x=skp y=g2 / lineattrs=(thickness= 1) curvelabel=
series x=skp y=g3 / lineattrs=(thickness= 1) curvelabel=
series x=skp y=g4 / lineattrs=(thickness= 1) curvelabel=
series x=skp y=g5 / lineattrs=(thickness= 1) curvelabel=

RUN;
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**  cleanup;
PROC datasets library=WORK nolist nodetails;
delete filel file2 file3 file4 file5 file;
run;
%MENDVAM_GRAPH,;
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APPENDIX |

LOG OUTPUT FROM A COMBINATION RUN

Appendix | contains the log from the gptof the SAS environment followed by the
output log from one combinationm. Log entries labeled 1-11 identify the setup of the SAS
libraries, entry 12 identifies the setup of theSS#acro location, and entries 13-17 identify a few
SAS environment settings and a variable farfor SAS output. Next, eight NOTE messages
that identify the SAS PROC results that cleatelSAS data libraries (i.e., folders used in a
previous run) that where then populatedosy preceding combination run. Log entry 19
identifies the clearing of the SAS results areighlighted in yellow ighe SAS macro call to
execute the combination, and the lines thbibfothe SAS macro call arSAS macro put-calls
that tracked the executigmmogress of the combination. Tluarticular log output is from the
combination that simulated 30 respondents @énftital group and 50 respadents in the reference

group with SMALL modeled DIkn 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 casefl
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

269



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 casefll
MPLUSIRT_CONTROLLER -- Estimating parameters for casef12
MPLUSIRT_CONTROLLER -- Estimating parameters for casef13
MPLUSIRT_CONTROLLER -- Estimating parameters for casefl4
MPLUSIRT_CONTROLLER -- Estimating parameters for casefl5
MPLUSIRT_CONTROLLER -- Estimating parameters for casefl6
MPLUSIRT_CONTROLLER -- Estimating parameters for casefl7
MPLUSIRT_CONTROLLER -- Estimating parameters for casefl8
MPLUSIRT_CONTROLLER -- Estimating parameters for casefl9
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 casef9l
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 casefl111
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 casefl147
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 casefl164
MPLUSIRT_CONTROLLER -- Estimating parameters for casef165
MPLUSIRT_CONTROLLER -- Estimating parameters for casef166
MPLUSIRT_CONTROLLER -- Estimating parameters for casefl167
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 casefl174
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
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MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf246
MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf247
MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf248
MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf249
MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf250
MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf251
MPLUSIRT_CONTROLLER -- Estimating parameters for ctrlf252
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

290



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 thaintains the combination informationdreate the Mplus code that created the
analyzed datasets - item difficulty (le#)d discrimination (a#), number of replicais (reps), randomizg seed value (seed)nd
number of focal and reference responderdséand ctrl). In addition, the Excel fdentains information on the size of silated

DIF indicator (SimSize) and the item targétfor DIF (target). For reading the tablbelow, the single file was divided irtwo parts.

Table J.1: Excel Information File (part 1 of 2)

SimID SimSize | case ctrl reps seed target | al a2 a3 a4 ab ab a7 a8 a9 alo
SIMO0 small 30 100 20 100020 4 1 1.3 (073 1.1 0.6 0.9 0.7 0.8 0.9 0.5
SIM0O medium 50 500 500 100020 4 1 13| 40. |11 0.6 0.9 0.7 0.8 0.9 0.5
SIMOO large 30 30 20 100020 4 1 1.3 40. | 11 0.6 0.9 0.7 0.8 0.9 0.5
SIM30F30R small 30 30 500 1000204 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5
SIM30F30R medium 30 30 500 1000204 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5
SIM30F30R large 30 30 500 1000204 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5
SIM30F50R small 30 50 500 1000204 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5
SIM30F50R medium 30 50 500 1000204 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5
SIM30F50R large 30 50 500 1000204 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/ 04 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 | al a2 a3 a4 ab a6 a7 a8 a9 alo
SIM30F100R medium 30 100 500 100020 4 1 1.3/ 04 11 0.6 0.9 0.7 0.8 0.9 0.5
SIM30F100R large 30 100 500 100020 4 1 13| 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/ 04 1.1 0.6 0.9 0.7 0.8 0.9 0.5
SIM30F200R medium 30 200 500 100020 4 1 1.3/ 04 11 0.6 0.9 0.7 0.8 0.9 0.5
SIM30F200R large 30 200 500 100020 4 1 13| 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/ 04 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 11 0.6 0.9 0.7 0.8 0.9 0.5
SIM30F500R large 30 500 500 100020 4 1 13| 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5
SIM30F1000R small 30 1000 500 1000204 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5
SIM30F1000R medium 30 1000 500 10002@& 1 1.3 0.4 11 0.6 0.9 0.7 0.8 0.9 0.5
SIM30F1000R large 30 1000 500 100020t 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5
SIM50F50R small 50 50 500 1000204 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5
SIM50F50R medium 50 50 500 1000204 1 1.3 0.4 11 0.6 0.9 0.7 0.8 0.9 0.5
SIM50F50R large 50 50 500 1000204 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/ 04 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 11 0.6 0.9 0.7 0.8 0.9 0.5
SIM50F100R large 50 100 500 100020 4 1 1.3/ 04 11 0.6 0.9 0.7 0.8 0.9 0.5
SIM50F200R small 50 200 500 100020 4 1 1.3/ 04 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 11 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 | al a2 a3 a4 ab a6 a7 a8 a9 alo
SIM50F200R large 50 200 500 100020 4 1 1.3/ 04 11 0.6 0.9 0.7 0.8 0.9 0.5
SIM50F500R small 50 500 500 100020 4 1 1.3/ 04 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/ 04 11 0.6 0.9 0.7 0.8 0.9 0.5
SIM50F1000R small 30 1000 500 1000204 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5
SIM50F1000R medium 30 1000 500 10002@& 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5
SIM50F1000R large 30 1000 500 100020t 1 1.3 0.4 11 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 04 1.1 0.6 0.9 0.7 0.8 0.9 0.5
SIM100F100R large 100 100 500 100020 4 1 1.3 04 11 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 04 1.1 0.6 0.9 0.7 0.8 0.9 0.5
SIM100F200R large 100 200 500 100020 4 1 1.3 04 11 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 04 1.1 0.6 0.9 0.7 0.8 0.9 0.5
SIM100F500R large 100 500 500 100020 4 1 1.3 04 11 0.6 0.9 0.7 0.8 0.9 0.5
SIM100F1000R | small 30 1000 500 10002¢4 1 1.3 0.4 11 0.6 0.9 0.7 0.8 0.9 0.5
SIM100F1000R medium 30 1000 500 1000p@ 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 | al a2 a3 a4 ab a6 a7 a8 a9 alo
SIM100F1000R | large 30 1000 500 10002@ 1 1.3 0.4 11 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 04 1.1 0.6 0.9 0.7 0.8 0.9 0.5
SIM200F200R large 200 200 500 100020 4 1 1.3 04 11 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 04 1.1 0.6 0.9 0.7 0.8 0.9 0.5
SIM200F500R large 200 500 500 100020 4 1 1.3 04 11 0.6 0.9 0.7 0.8 0.9 0.5
SIM200F1000R small 200 1000 500 10002 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5
SIM200F1000R medium 200 1000 500 1000pa 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5
SIM200F1000R | large 200 1000 500 1000p@ 1 1.3 0.4 11 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 04 1.1 0.6 0.9 0.7 0.8 0.9 0.5
SIM500F500R large 500 500 500 100020 4 1 1.3 04 11 0.6 0.9 0.7 0.8 0.9 0.5
SIM500F1000R small 500 1000 500 10002 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5
SIM500F1000R medium 500 1000 500 1000pa 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5
SIM500F1000R | large 500 1000 500 1000p@ 1 1.3 0.4 11 0.6 0.9 0.7 0.8 0.9 0.5
SIM1000F1000R| small 1000 1000 500 10002p 4 1 1.3 0.4 11 0.6 0.9 0.7 0.8 0.9 0.5
SIM1000F1000R| medium 1000 1000 500 1000204 1 1.3 0.4 1.1 0.6 0.9 0.7 0.8 0.9 0.5
SIM1000F1000R| large 1000 1000 500 1000204 1 1.3 0.4 11 0.6 0.9 0.7 0.8 0.9 0.5
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Table J.2: Excel Information File (part 2 of 2)

SimID bl b2 b3 b4 b5 b6 b7 b8 b9 b10

SIM00 15 -11 13 -0.8 11 -0.4 0.9 -0.1 0.6 0.3
SIMO0 15 -11 13 -0.8 11 -0.4 0.9 -0.1 0.6 0.3
SIMO0 15 -11 13 -0.8 11 -0.4 0.9 -0.1 0.6 0.3
SIM30F30R 15 -11 1.3 -0.8 11 -0.4 0.9 -0.1 0.4 0.8
SIM30F30R 15 -11 1.3 -0.8 11 -0.4 0.9 -0.1 0.4 0.8
SIM30F30R 15 -11 13 -0.8 11 -0.4 0.9 -0.1 0.4 0.8
SIM30F50R 15 -1.1 1.3 -0.8 11 -0.4 0.9 -0.1 0.4 0.8
SIM30F50R 15 -11 1.3 -0.8 11 -0.4 0.9 -0.1 0.4 0.8
SIM30F50R 15 -11 13 -0.8 11 -0.4 0.9 -0.1 0.4 0.8
SIM30F100R 15 -1.1 1.3 -0.8 11 -04 0.9 -0.1 0.4 0.8
SIM30F100R 15 -11 1.3 -0.8 11 -04 0.9 -0.1 0.4 0.8
SIM30F100R 15 -11 1.3 -0.8 11 -04 0.9 -0.1 0.6 0.8
SIM30F200R 15 -1.1 1.3 -0.8 11 -04 0.9 -0.1 0.4 0.8
SIM30F200R 15 -11 1.3 -0.8 11 -04 0.9 -0.1 0.4 0.8
SIM30F200R 15 -11 1.3 -0.8 11 -04 0.9 -0.1 0.6 0.8
SIM30F500R 15 -1.1 1.3 -0.8 11 -04 0.9 -0.1 0.4 0.8
SIM30F500R 15 -11 1.3 -0.8 11 -04 0.9 -0.1 0.6 0.8
SIM30F500R 15 -11 13 -0.8 11 -04 0.9 -0.1 0.6 0.8
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Table J.2: Excel Information File (part 2 of 2) continued

SimID bl b2 b3 b4 b5 b6 b6 b8 b9 b10

SIM30F1000R 15 -11 1.3 -0.8 11 -0.4 0.9 -0.0 0.6 0.

SIM30F1000R 15 -11 1.3 -0.8 11 -0.4 0.9 -0.1 0.6 0.

SIM30F1000R 15 -11 1.3 -0.8 11 -0.4 0.9 -0.1 0.6 0.

SIM50F50R 15 -1.1 1.3 -0.8 11 -0.4 0.9 -0.1 0.4 0.

SIM50F50R 15 -1.1 13 -0.8 11 -0.4 0.9 -0.1 0.4 0.

SIM50F50R 15 -1.1 13 -0.8 11 -0.4 0.9 -0.1 0.4 0.

SIM50F100R 15 -1.1 1.3 -0.8 11 -04 0.9 -0.1 0.4 0.

SIM50F100R 15 -11 1.3 -0.8 11 -04 0.9 -0.1 0.4 0.

SIM50F100R 15 -11 13 -0.8 11 -04 0.9 -0.1 0.4 0.

SIM50F200R 15 -1.1 1.3 -0.8 11 -04 0.9 -0.1 0.4 0.

SIM50F200R 15 -11 1.3 -0.8 11 -04 0.9 -0.1 0.4 0.

SIM50F200R 15 -11 13 -0.8 11 -04 0.9 -0.1 0.4 0.

SIM50F500R 15 -1.1 1.3 -0.8 11 -04 0.9 -0.1 0.4 0.

SIM50F500R 15 -11 1.3 -0.8 11 -04 0.9 -0.1 0.4 0.

SIM50F500R 15 -11 13 -0.8 11 -04 0.9 -0.1 0.4 0.

SIM50F1000R 15 -1.1 1.3 -0.8 11 -0.4 0.9 -0.n 0.6 0.

SIM50F1000R 15 -11 1.3 -0.8 11 -0.4 0.9 -0.0 0.6 0.

SIM50F1000R 15 -11 13 -0.8 11 -0.4 0.9 -0.1 0.6 0.
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Table J.2: Excel Information File (part 2 of 2) continued

SIM100F100R 15 -11 1.3 -0.8 11 -0.4 0.9 -0.1 0.6
SIM100F100R 15 -11 1.3 -0.8 11 -0.4 0.9 -0.0 0.6
SIM100F100R 15 -11 1.3 -0.8 11 -0.4 0.9 -0.1 0.6
SIM100F200R 15 -11 1.3 -0.8 11 -0.4 0.9 -0.1 0.6
SIM100F200R 15 -11 1.3 -0.8 11 -0.4 0.9 -0.0 0.6
SIM100F200R 15 -11 1.3 -0.8 11 -0.4 0.9 -0.1 0.6
SIM100F500R 15 -11 1.3 -0.8 11 -0.4 0.9 -0.1 0.6
SIM100F500R 15 -1.1 1.3 -0.8 11 -0.4 0.9 -0.n 0.6
SIM100F500R 15 -11 1.3 -0.8 11 -0.4 0.9 -0.1 0.6
SIM100F1000R 15 -11 13 -0.8 11 -0.4 0.9 01 0.6
SIM100F1000R 15 -1.1 1.3 -0.8 11 -0.4 0.9 -01 0.6
SIM100F1000R 15 -11 13 -0.8 11 -0.4 0.9 -0 0.6
SIM200F200R 15 -11 1.3 -0.8 11 -0.4 0.9 -0.1 0.6
SIM200F200R 15 -1.1 1.3 -0.8 11 -0.4 0.9 -0.n 0.6
SIM200F200R 15 -11 1.3 -0.8 11 -0.4 0.9 -0.1 0.6
SIM200F500R 15 -11 1.3 -0.8 11 -0.4 0.9 -0.1 0.6
SIM200F500R 15 -1.1 1.3 -0.8 11 -0.4 0.9 -0.n 0.6
SIM200F500R 15 -11 1.3 -0.8 11 -0.4 0.9 -0.0 0.6
SIM200F1000R 15 -11 13 -0.8 11 -0.4 0.9 01 0.6
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Table J.2: Excel Information File (part 2 of 2) continued

SIM200F1000R 15 -11 13 -0.8 11 -0.4 0.9 01 0.6
SIM200F1000R 15 -11 1.3 -0.8 11 -0.4 0.9 -01 0.6
SIM500F500R 15 -11 1.3 -0.8 11 -0.4 0.9 -0.1 0.6
SIM500F500R 15 -11 1.3 -0.8 11 -0.4 0.9 -0.1 0.6
SIM500F500R 15 -11 1.3 -0.8 11 -0.4 0.9 -0.0 0.6
SIM500F1000R 15 -11 13 -0.8 11 -0.4 0.9 -0 0.6
SIM500F1000R 15 -11 13 -0.8 11 -0.4 0.9 01 0.6
SIM500F1000R 15 -1.1 1.3 -0.8 11 -0.4 0.9 -01 0.6
SIM1000F1000R| 1.5 -11 13 -0.8 11 -0.4 0.9 -01 0.6
SIM1000F1000R| 1.5 -11 13 -0.8 11 -0.4 0.9 -01 0.6
SIM1000F1000R| 1.5 -1.1 1.3 -0.8 11 -0.4 0.9 -01 0.6
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APPENDIX K

MPLUS CODE EXAMPLE
Appendix K contains an example of Mplosde that was written by SAS macros to

generate reference group datadombination SIM50F500R-MEDIUM.

TITLE: Generated code to create control data
for simulation SIM50A500B
MONTECARLO:
names = ul-ulo;
generate = ul-ul0(1);
categorical = ul-ul0;
nobs = 500;
nreps =500;
SEED = 100020;
REPSAVE = ALL;
save =
D:\cfs\Dissertation\data\10item$MB0AS500B\medium\ctr\B*.dat;
ANALYSIS: ESTIMATOR = MLR;
MODEL POPULATION:

fby ul@ 1
uz2* 1.3
u3* 0.4
ug* 1.1
us* 0.6
u6* 0.9
u7z* 0.7
ug8* 0.8
u9* 0.9
ul0*0.5;
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*1;

[ul$1* 15
u2$1* -1.1
u3$1* 1.3
u4$1* -0.8
uS$1* 1.1
u6$1* -0.4
u7$1* 0.9
u8$1* -0.1
u9$1* 0.6
ul0$1*0.3];

MODEL:

fby ul@
u2* 1.3
u3* 0.4
ug* 1.1
us* 0.6
ue* 0.9
u7* 0.7
ug* 0.8
ug* 0.9
ul0*0.5;

f*1,

[ul$1* 15
u2$1* -1.1
u3$1* 1.3
u4$1* -0.8
us$1* 1.1
u6$1* -0.4
u7$1* 0.9
u8$1* -0.1
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u9$1* 0.6
ul0$1*0.3];
OUTPUT: TECH8 TECH?9;
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APPENDIX L

FILE STRUCTURE
Appendix L contains two screen prints oéthile structure impleented to manage the
data and analysis information fraitme dissertation study. The first is a screen print of the base
file system for the 63 combinatian¥he second, a screen printtloé folder location within the

file system and the list of files created &single combination run (SIM30R30F-LARGE).

Note: To assist readers in identifying focal aeférence group information, scenario I1Ds in this

dissertation document were updated. However, tteea@rints in this ggendix use the original

scenario ID notation (Aepresents focal group, Bpeesents reference group).
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Figure L.1: Base File System
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Figure L.2: Folder Location and @uut Files for Single Combination
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APPENDIX M

SAS MACRO CALL STRUCTURE
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APPENDIX N

MPLUS OUTPUT FROM IRT ANALYSIS
Appendix N contains an example of Mplus outfpatn an IRT analysis. SAS macros created
and executed Mplus code that created the olmplotv. Following the creation of the output,
another SAS macro would scan the output infdioneto verify the IRT analysis had completed,

and then read from the output the estim#é&Sparameters 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 = ul-ulo;
generate = ul-ul0(1);
categorical = ul-ul0;
nobs = 500;
nreps =500;
SEED = 100020;
REPSAVE = ALL;
save =
D:\cfs\Dissertation\data\10items\SIM50A500B\medium\ctrl\B*.dat;
ANALYSIS: ESTIMATOR = MLR;
MODEL POPULATION:

fbyul@ 1
u2* 1.3
u3* 0.4
ug* 11
us* 0.6
u6* 0.9
u7* 0.7
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ug* 0.8

u9* 0.9
ul0*0.5;

f*1;

[uls1* 15
u2$1* -11
u3s$1* 1.3
u4$1* -0.8
us$1* 11
ue$1* -0.4
u7$1* 0.9
u8$i* -0.1
u9$l* 0.6
ul0$1*0.3];

MODEL:

foyul@ 1
u2* 1.3
u3* 04
ug* 11
us* 0.6
ue* 0.9
u7* 0.7
ug* 0.8
ug* 0.9
ul0*0.5;

f*1;

[uls1* 15
u2$1* -1.1
u3s$i* 1.3
u4$1* -0.8
us$1* 11
u6$1* -04
u7$1* 0.9
ug8$1* -0.1
u9$1* 0.6
ul10%$1+*0.3];

OUTPUT: TECHS8 TECHS,;
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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)
Ul u2 u3 u4 us U6

u7 us 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
HO 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
0.980
0.950
0.900
0.800
0.700
0.500
0.300
0.200
0.100
0.050
0.020
0.010

0.988
0.972
0.946
0.894
0.806
0.706
0.510
0.306
0.196
0.094
0.050
0.016
0.010

Bayesian (BIC)

Mean
Std Dev

Number of successful computations

Proportions

Expected Observed

0.990
0.980
0.950
0.900
0.800
0.700
0.500
0.300
0.200
0.100
0.050
0.020
0.010

0.988
0.972
0.946
0.894
0.806
0.706
0.510
0.306
0.196
0.094
0.050
0.016
0.010

5917.762 5914.773
5932.963 5923.998
5955.757 5948.859
5976.015 5972.664
6000.549 6001.478
6018.236 6019.163
6047.477 6048.413
6076.717 6078.324
6094.405 6092.864
6118.939 6117.705
6139.197 6137.008
6161.991 6158.432
6177.191 6168.181
6131.769
55.760
500
Percentiles
Expected Observed
6002.055 5999.065
6017.255 6008.290
6040.049 6033.151
6060.307 6056.956
6084.841 6085.771
6102.529 6103.456
6131.769 6132.705
6161.010 6162.616
6178.697 6177.156
6203.231 6201.997
6223.489 6221.301
6246.283 6242.724
6261.484 6252.474

Sample-Size Adjusted BIC (n* = (n + 2) / 24)

317



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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F
Ul
u2
U3
U4
us
ué6
u7
us
U9
u10

BY

Thresholds
Uil
u2s$1
U3sl
U431
U5$1
u6$1
u7s$1
ussl
U9l
U10%$1

Variances
F

ESTIMATES

Population Average

1.000
1.300
0.400
1.100
0.600
0.900
0.700
0.800
0.900
0.500

1.500
-1.100
1.300
-0.800
1.100
-0.400
0.900
-0.100
0.600
0.300

1.000

S.

1.0000
1.3840
0.4183
1.1516
0.6202
0.9516
0.7398
0.8312
0.9388
0.5195

0.0000
0.4161
0.1938
0.3454
0.2121
0.2919
0.2529
0.2478
0.2998
0.1975

1.5173
-1.1187
1.3132
-0.8023
1.1061
-0.4005
0.9099
-0.1010
0.6061
0.3109

0.1504
0.1536
0.1127
0.1254
0.1138
0.1046
0.1232
0.0988
0.1037
0.0985

1.0735 0.4437

QUALITY OF NUMERICAL RESULTS

Average Condition Number for the Information Matrix

E.

0.0000
0.4149
0.1905
0.3409
0.2194
0.2848
0.2397
0.2536
0.2853
0.1871

0.1565
0.1563
0.1167
0.1275
0.1161
0.1094
0.1141
0.1029
0.1130
0.0967

0.4488

(ratio of smallest to largest eigenvalue)

TECHNICAL 1 OUTPUT

M. S. E. 95% % Sig
Std. Dev. Average

Cover Coeff

0.0000 1.000 0.000
0.1798 0.946 1.000
0.0378 0.956 0.660
0.1217 0.934 1.000
0.0453 0.940 0.960
0.0877 0.948 1.000
0.0654 0.934 0.996
0.0623 0.950 1.000
0.0912 0.944 0.998
0.0393 0.958 0.938

0.0229 0.956 1.000
0.0239 0.966 1.000
0.0128 0.958 1.000
0.0157 0.966 1.000
0.0130 0.958 1.000
0.0109 0.958 0.970
0.0152 0.944 1.000
0.0097 0.972 0.160
0.0108 0.968 1.000
0.0098 0.940 0.906

0.2019 0.940 0.928

0.881E-02
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PARAMETER SPECIFICATION

Ul
U2
U3
u4
us

TAU
Ulsl u2s1 U3sl u4sl Uss$1
11 12 13 14 15
TAU
U6$1 u7sl ussl Uos1 U10$1
16 17 18 19 20
NU
Ul u2 u3 u4 us
0 0 0 0 0
NU
u6 u7 us U9 ui10
0 0 0 0 0
LAMBDA
F

A W N P O
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n ©O© N~

U6

u7

us

U9

ui1o0

THETA

us

u4

u3

u2

ul

Ul

u2

u3

u4

us

U6

u7

us

U9

ui1o0

THETA

u7 us U9 u10

U6

U6

u7

us

U9

ui1o

ALPHA
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BETA

=
0
PSI
F
10

STARTING VALUES

TAU
Ulsl u2s1 U3s1 u4s1 U5s$1

1.500 -1.100 1.300 -0.800 1.100

TAU
U6$1 u7$1 ussl U9s1 Ul1l0$1

-0.400 0.900 -0.100 0.600 0.300

NU
Ul u2 U3 U4 us

0.000 0.000 0.000 0.000 0.000

NU
u6 u7 us U9 ui10
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1 0.000 0.000 0.000 0.000 0.000

LAMBDA
E
Ul 1.000
u2 1.300
u3 0.400
u4 1.100
us 0.600
U6 0.900
u7 0.700
us 0.800
U9 0.900
u10 0.500
THETA
Ul u2 U3 U4 us
Ul 1.000
u2 0.000 1.000
u3 0.000 0.000 1.000
u4 0.000 0.000 0.000 1.000
us 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
us 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 us U9 ui10
U6 1.000
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u7 0.000 1.000
us 0.000 0.000 1.000
uo 0.000 0.000 0.000 1.000
ui1o0 0.000 0.000 0.000 0.000 1.000
ALPHA
F
1 0.000
BETA
F
F 0.000
PSI
E
F 1.000
POPULATION VALUES
TAU
Ulsl u2$1 U3sl u4sl Uss$1
1 1.500 -1.100 1.300 -0.800 1.100
TAU
u6sl u7sl ussl U9s1 U1l0$1
1 -0.400 0.900 -0.100 0.600 0.300
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NU

Ul u2 u3 U4 us
1 0.000 0.000 0.000 0.000 0.000
NU
u6 u7 us U9 ui10
1 0.000 0.000 0.000 0.000 0.000
LAMBDA
F
Ul 1.000
U2 1.300
U3 0.400
U4 1.100
us 0.600
U6 0.900
u7 0.700
us 0.800
uo 0.900
ui10 0.500
THETA
ul u2 u3 u4 us
Ul 0.000
U2 0.000 0.000
U3 0.000 0.000 0.000
u4 0.000 0.000 0.000 0.000
us 0.000 0.000 0.000 0.000 0.000
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U6
u7
us
U9

ui1o0

U6
u7
us
U9

ui1o

TECHNICAL 8 OUTPUT
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0.000 0.000 0.000 0.000 0.000
0.000 0.000 0.000 0.000 0.000
0.000 0.000 0.000 0.000 0.000
0.000 0.000 0.000 0.000 0.000
0.000 0.000 0.000 0.000 0.000
THETA
U6 us U9 u10
0.000
0.000 0.000
0.000 0.000 0.000
0.000 0.000 0.000 0.000
0.000 0.000 0.000 0.000 0.000
ALPHA
=
0.000
BETA
F
0.000
PSI
F
1.000



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

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

331



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
us
U6
u7
us
U9
u10

Save file
B*.dat

Save file format Free
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Save file record length 10000

Beginning Time: 12:14:58
Ending Time: 12:17:33
Elapsed Time: 00:02:35

MUTHEN & MUTHEN
3463 Stoner Ave.
Los Angeles, CA 90066

Tel: (310) 391-9971
Fax: (310) 391-8971
Web: www.StatModel.com

Support: Support@StatModel.com

Copyright (c) 1998-2013 Muthen & Muthen

334



APPENDIX O

SAS Macro Passed Variables

335



336



REFERENCES

Ackerman, T. A. (1992). A dattic explanation of item biagem impact, and item validity
from a multidimensional perspecti(&ol. 29, pp. 67-92): Wiley-Blackwell.

Ackerman, T. A., & Evans, J. A. (1992). Amvestigation of the Relationship between
Reliability, Power, and the Type | Error iRaf the Mantel-Haenszel and Simultaneous
Item Bias DetectiofProcedures (pp. 32).

Ackerman, T. A., & Evans, J. A. (1994). Theluence of Conditioning Scores In Performing
DIF AnalysesApplied Psychological Measurement(48 329-342.

Angoff, W. H., & Ford, S. F. (1973). Item-Rabrgeraction on a Test of Scholastic Aptitude.
Journal of Educational Measurement,(2) 95-106.

Azocar, F., Arean, P., Miranda, J., & Munoz,R(2001). Differential item functioning in a
Spanish translation of thgeck Depression Inventory.Clin Psychol, 5{8), 355-365.
doi: 10.1002/jclp.1017 [pii]

Birnbaum, A. (1968). Some latent trait modetsl gheir use in inferringn examinee's ability. In
Addison-Wesley (Ed.Jn F. M. Lord and M. R. Novick, Statistical Theories of Mental
Test ScoreRReading, MA.

Bolt, D. M. (2000). A SIBTEST Approach ftesting DIF Hypotheses Using Experimentally
Designed Test Itemdournal of Educational Measurement,(8Y, 307-327.

Bryant, D. U. (2005)The effects of differentialdin functioning on predictive biaBissertation
Abstracts International: Section Bhe Sciences and Engineering.

Camilli, G., & Smith, J. K. (1990). Comparisontbe Mantel-Haenszel Test With a Randomized
and a Jackknife Test for Detecting Biased Itejosirnal of Educational and Behavioral
Statistics, 161), 53-67.

Cheong, Y. F., & Kamata, A. (2009). A comisan of DIF detectin procedures using

hierarchical generalized lineand nonlinear mixed model®urnal of Applied
Measurement

Clauser, B. E., & Mazor, K. M. (1998). Using tsstical procedures to ahtify differential item
functioning test items=ducational Measuremernissues and Practice, 131-44.

Cohen, A. S., & Kim, S.-H. (1993). A Comparison of Lord's {chay2d Raju's Area Measures In
Detection of DIF Applied Psychologicdlleasurement, {T), 39-52.

337



Cooke, D. J., Kosson, D. S., & Michie, C. (200B3ychopathy and ethnicity: Structural, item,
and test generalizability of the Psychopatiecklist--Revised (PCL-R) in Caucasian
and African American participantBsychological Assessment (48 531-542. doi:
10.1037/1040-3590.13.4.531

DeMars, C. E. (2008). Modification of the ki@l-Haenszel and Logistic Regression DIF
Procedures to IncorporateetlSIBTEST Regression Correctiatournal of Educational
and Behavioral Statistic4076998607313923.

Dodeen, H. (2004). Stability @ifferential Item Functioning Oveat Single Population in Survey
Data.The Journal of Experimental Education(3g 181-193.

Donoghue, J. R., & Isham, S. P. (1998). A Congumer of Procedures to Detect Item Parameter
Drift. Applied Psychologicalleasurement, 42), 33-51.

Dorans, N. J. (1989). Two New Approaches#ssessing Differential Item Functioning:
Standardization and thdantel-Haenszel Methodpplied Measurement in Education,
2(3), 217-233.

Ellis, B. B., Becker, P., & Kimmel, H. D. (1993\n Item Response Theory Evaluation of an
English Version of the TridPersonality Inventory (TPI)lournal of Cross-Cultural
Psychology, 2), 133-148.

Embretson, S. E., & Reise, S. P. (200@m response theory for psychologistahwah, NJ:
Lawrence Erlbaum Associates Publishers; US.

Escorial, S., & Navas, M. J. (2007). Analysisloé Gender Variable in the Eysenck Personality
Questionnaire Revised Scaldsing Differential Item Functioning Techniques.
Educational and Psychological Measurement6§,/990-1001.

Fidalgo, A. M., Ferreres, D., & Muniz, J. (2004). Utility of the Mantel-Haenszel Procedure for
Detecting Differential Item Functioning in Small Sampleducational and
Psychological Measurement, (&3, 925-936.

Fidalgo, A. M., & Madeira, J. M. (2008). Genkrad Mantel-Haenszel Miods for Differential
Item Functioning DetectiorEducational and Psychological Measuremen{(6$8940-
958.

Finch, W. H., & French, B. F. (2007). Detextiof Crossing Differentidtem Functioning: A
Comparison of Four MethodEducational & Psychological Measurement(4)7 565-
582.

Franchignoni, F., Giordano, A., & Ferriero, GO(B). Rasch analysis of the short form 8-item

Parkinson's Disease Questionnaire (PDQ@)al Life Res, 1(A), 541-548. doi:
10.1007/s11136-008-9341-6

338



Green, D. R., & Draper, J. F. (197Exploratory Studies of Bs in Achievement TesRaper
presented at the American PsychadagjAssociation, Honolulu, Hawaii.

Groenvold, M., Bjorner, J. B., Klee, M. C., & Kremé. (1995). Test for item bias in a quality
of life questionnaireJ Clin Epidemiol, 48), 805-816. doi: 0895-4356(94)00195-V [pii]

Gulliksen, H. (1950)Theory of mental testblew York: Wiley.

Hambleton, R. K. (2000). Response to Hays aenal McHorney and Cohen: Emergence of Iltem
Response Modeling in Instrument Development and Data AnaWsdical Care, 38(9)
Supplemertl), 11-60-11-65.

Hambleton, R. K., & Rogers, H. J. (1989). DeirmgtPotentially Biased Test Items: Comparison
of IRT Area and Mantel-Haenszel Methodgplied Measurement in Educatior{4?,
313-334.

Hambleton, R. K., Swaminathan, H., & Rogers, J. H. (19@dndamentals of ltem Response
Theory Sage Publications.

Harvey, R. J., & Hammer, A. L. (1999). Item response th&doynseling Psychologist Special
Issue: Advanced quantitative methodsaunseling psychology: Part |, &), 353-383.

Hays, R. D., Morales, L. S., & Reise, S(E000). Iltem Response Theory and Health Outcomes
Measurement in the 21st CentuMedical Care, 38), 1128-1142.

Hidalgo, M. D., & Lopez-Pina, A. (2004). Differential Iltem &nctioning Detection and Effect
Size: A Comparison between Logistic Reggion and Mantel-Haenszel Procedures.
Educational and Psychological Measuremen(6$4903-915.

Holland, P. W., & Thayer, D. T. (198@)ifferential Item Perforrance and the Mantel-Haenszel
Procedure

Holland, P. W., & Wainer, H. (Eds.). (199Bifferential item functioningHillsdale, NJ:
Lawrence Erlbaum Associates.

Hula, W. D., Fergadiotis, G., & Martin, N2Q12). Model Choice and Sample Size in Item
Response Theory Analysis of Aphasia $dgip. S38-null): American Speech-Language-
Hearing Association.

Ironson, G. H., & Subkoviak, M. J. (1979). A Coanigon of Several Methods of Assessing ltem
Bias.Journal of Educational Measurement, (4 209-225.

Jin, Y., Myers, N. D., Ahn, S., & Penfield, R. (2013). A Comparison diniform DIF Effect

Size Estimators Under the MIMIC and Rasch ModgEtucational and Psychological
Measuremen73(2), 339-358.

339



Joreskog, K. (1971). Simultaneous facoalysis in seeral populationsPsychometrika, 3@),
409-426.

Kamata, A., & Vaughn, B. K. (2004). An IntroductitmDifferential ItemFunctioning Analysis.
Learning Disabilities: A Contemporary Journal,23, 49-69.

Kamata, A., & Bauer, D. (2008). A Note on tRelation between Factor Analytic and Item
Response Theory ModelStructural Equation ModelingA Multidisciplinary Journal
15(1), 136-152.

Kelly, P. A., Kallen, M. A., & Suarez-AlmazoK. E. (2007). A combined-method psychometric
analysis recommended modification of the multidimensional health locus of control
scalesJ Clin Epidemiol, 6(b), 440-447. doi: S0895-4356(06)00322-2 [pii]
10.1016/}.jclinepi.2006.08.005

Kim, S.-H., & Cohen, A. S. (1991). A Comjson of Two Area Measures for Detecting
Differential Item FunctioningApplied Psychological Measurement (3} 269-278.

Kristjansson, E., Aylesworth, R., McDowell, & Zumbo, B. D. (2005). A Comparison of Four
Methods for Detecting Differential Itefunctioning in Ordered Response Items.
Educational and Psychological Measuremen{g$5935-953.

Lai, J. S., Teresi, J., & Gershon, R. (2005). Bduces for the analysis of differential item
functioning (DIF) for small sample sizdsval Health Prof, 2@), 283-294. doi: 28/3/283
[pii] 10.1177/0163278705278276

Lamoureux, E. L., Pallant, J. F., Pesudovs, K., Haska., & Keeffe, J. E. (2006). The Impact
of Vision Impairment Questionnaire: an avation of its measurement properties using
Rasch analysignvest Ophthalmol Vis Sci, @I71), 4732-4741. doi: 47/11/4732 [pii]
10.1167/iovs.06-0220

Lawley, D. N. (1943). On problems connectethvitem selection and test construction.
Proceedings of the Royal Society of Edinburgh, 62-A (Pardhg2.

Long, J. S. (1983)Confirmatory Factor Analysis: A Preface to Lisrel
Lord, F. M. (1952). The theory of test scorésychometric Monographs, Na. 7

Lord, F. M. (1953). The Relation of TeStore to the Trait Underlying the TeBtucational and
Psychological Measurement, (83, 517-549. doi: 10.1177/001316445301300401

Lord, F. M. (1980)Applications of item resonse thgdo practical testing problemsdillsdale,
NJ: Erlbaum.

Magis, D., & Facon, B. (2012). Angoff's deltatimed revisited: Improving DIF detection under
small samples (Vol. 65, pp. 302).

340



Magno, C. (2009). Demonstrating the Differeetween Classical Test Theory and Item
Response Theory Using Derived Test D@aline Submissian

Mantel, N., & Haenszel, W. (195%tatistical aspects diie analysis of datBiom retrospective
studies of diseasdournal of the National Cancer Institute,,Z219-748.

Mazor, K. M., Clauser, B. E., & Hambleton, R. (1992). The Effect of Sample Size on the
Functioning of the Mantel-Haenszel Statiskcucational and Psychological
Measurement, §2), 443-451.

Mazor, K. M., Kanjee, A., & Clauser, B. EL995). Using Logistic Rgression and the Mantel-
Haenszel with Multiple Ability Estimate® Detect Differential ltem Functioning.
Journal of Educational Measurement,(3p 131-144.

McDonald, R. P. (2000). A Basis fdtultidimensional Item Response TheoApplied
Psychological Measurement, (24, 99-114.

McKenna, S. P., Doward, L. C., Meads, D.,Mennant, A., Lawton, G., & Grueger, J. (2007).
Quiality of life in infants and childrenitt atopic dermatitis: addressing issues of
differential item functioning across coumsiin multinational clinical trialddealth Qual
Life Outcomes, A5. doi: 1477-7525-5-45 [pii] 10.1186/1477-7525-5-45

Millsap, R. E., & Everson, H. T. (1993). Meftiology Review: Statistical Approaches for
Assessing Measurement Bidgplied Psychological Measurement(4)7 297-334.

Narayanan, P., & Swaminathan, H. (1994 )férenance of the Mantel-Haenszel and
Simultaneous Item Bias ProceduresBatecting Differential ltem Functioniné\pplied
Psychological Measurement, (83, 315-328.

Narayanon, P., & Swaminathan, H. (1996). Idecdifion of Items that Show Nonuniform DIF.
Applied Psychological Measurement(2)) 257-274.

Novick, M. R. (1966). The axioms and pripal results of clssical test theorylournal of
Mathematical Psychology(B), 1-18. doi: http://dx.doi.org/10.1016/0022-
2496%2866%2990002-2

Oshima, T. C., & Miller, M. D. (1992). Multichensionality and Item Bias in Item Response
Theory.Applied Psychological Measurement(3) 237-248.

Pae, T.-l., & Park, G.-P. (2006). Examinitig relationship between differential item
functioning and differential test functioniniganguage Testing, 28), 475-496.

Pagano, I. S., & Gotay, C. C. (2005). Ethnic differ@ item functioning irthe assessment of

quality of life in cancer patientslealth Qual Life Outcomes, 80. doi: 1477-7525-3-60
[pii] 10.1186/1477-7525-3-60

341



Raju, N. S. (1988). The Area betwe&wo Item Characteristic Curve®sychometrika, 53),
495-502.

Raju, N. S. (1990). Determining the Significanof Estimated Signed and Unsigned Areas
Between Two Item Response Functiofgplied Psychological Measurement (2%}
197-207.

Raju, N. S., van der Linden, W. J., & Fleerf2(1995). IRT-Based tarnal Measures of
Differential Functioning of Items and Teségplied Psychological Measurement (49
353-368.

Reise, S. P. W., K. F.; Pugh, R. H. (1993)n@rmatory Factor Analysis and Item Response
Theory: Two Approaches for Exploring Measurement InvariaBsgchological Bulletin,
114(3), 552-566.

Roussos, L. A., & Stout, W. F. (1996). SimulatiStudies of the Effects of Small Sample Size
and Studied Item Parameters on SIBTEd Mantel-Haenszel Type | Error
PerformanceJournal of Educational Measurement,(38 215-230.

Rudner, L. M. (1977)An evaluation of select approachfor biased item identificatiomloctoral
dissertation. Catholic Unersity of America.

Rudner, L. M., Getson, P. R., & Knight, D. (1980a). Biased Item Detection Techniques.
Journal of Educational Statistics(®, 213-233.

Rudner, L. M., Getson, P. R., & Knight, D. (1980b). A Monte Carlo Comparison of Seven
Biased Item Detection Techniqudsurnal of Educational Measurement,(1y, 1-10.

Scheuneman, J. (1979). A MethodAsfsessing Bias in Test Itemkurnal of Educational
Measurement, 18), 143-152.

Schumacker, R. E. (2005). Test Biawldifferential Item Functioning. 2009, from
http://www.appliedmeasurementassoesatom/White%20Papers/ TEST%20BIAS%20A
ND%20DIFFERENTIAL%20TEM%20FUNCTIONING.pdf

Scott, N. W., Fayers, P. M., Aaronson, N. Battomley, A., de Graeff, A., Groenvold, M., . . .
Sprangers, M. A. (2009). A simulation study provided sample size guidance for
differential item functioning (DIFstudies using short scaldsClin Epidemiol, 6&3),
288-295. doi: S0895-4356(08)00158-3 [pii] 10.1016/}.jclinepi.2008.06.003

Scott, N. W., Fayers, P. M., Aaronson, N. Battomley, A., de Graeff, A., Groenvold, M., . . .
Sprangers, M. A. G. (2010). Differentia¢r functioning (DIF) analyses of health-
related quality of life instrumentsing logistic regression (Vol. 8, pp. 81).

Scrams, D. J., & McLeod, L. D. (2000). An Expected Response Function Approach to Graphical
Differential Item FunctioningJournal of Educational Measurement,(3), 263-277.

342



Shealy, R., & Stout, W. (1993). A model-basecdhdtadization approach that separates true
bias/DIF from group ability differences and detects test bias/DTF as well as item
bias/DIF.Psychometricka, 32), 159-194. doi: 10.1007/BF02294572

Shepard, L., Camilli, G., & Averill, M. (1981 omparison of Procedures for Detecting Test-
Item Bias with Both Internal and External Ability Criterdenurnal of Educational
Statistics, ¢4), 317-375.

Shepard, L., Camilli, G., & Williams, D. M. (1984). Accounting for Statistical Artifacts in Item
Bias Researchlournal of Educational anBehavioral Statistics,(2), 93-128. doi:
10.3102/10769986009002093

Shepard, L. A., Camilli, G., & Williams, D. M1985). Validity of Approximation Techniques
for Detecting Item Biaslournal of Educational Measurement,(2p, 77-105.

Sinharay, S., Dorans, N. J., Grant, M. C., &BJ E. O. (2008). Using Past Data to Enhance
Small Sample DIF Estimation: A Bayesian Approaldurnal of Educational and
Behavioral Statistics1076998607309021.

Spray, J. A., & Miller, T. (1994). Identifying dhuniform DIF in Polytomously Scored Test
Items. lowa City, IA.

Stark, S., Chernyshenko, O. S., & Drasgow2B06). Detecting differential item functioning
with confirmatory factor aalysis and item response theaigward a unified strategy.
Appl Psychol, 9(6), 1292-1306. doi: 2006-20695-009 [pii] 10.1037/0021-
9010.91.6.1292

Streiner, D. L. (2010). Measeifor Measure: New Developments in Measurement and Item
Response Theoresure pour mesure : nouveaux développements de la mesure et de la
théorie de la réponse a l'item., (3%, 180-186.

Swaminathan, H., & Rogers, H. J. (1990)iéxing Differential Item Functioning Using
Logistic Regression Procedurdsurnal of Educational Measurement,(2y, 361-370.

Swanson, D. B., Clauser, B. E., Case, S. Mindester, R. J., & Featherman, C. (2002). Analysis
of Differential Item Funcbning (DIF) Using Hierarchicdlogistic Regression Models.
Journal of Educational and Behavioral Statistics(D)753-75.

Tang, H. (1994). A New IRT-Based @ithSample DIF Method (pp. 19).

Teresi, J. A., & Fleishman, J. A. (2007). Diatial item functioning and health assessment.
Qual Life Res, 16 Supp| 33-42. doi: 10.1007/s11136-007-9184-6

343



Teresi, J. A., Kleinman, M., & Ocepek-Weliks, K. (2000). Modern psychometric methods for
detection of differential item functioning: jpliication to cognitive assessment measures.
Stat Med, 1@1-12), 1651-1683. doi: 10.1002/(SICI)1097-
0258(20000615/30)19:11/12<1651::AID-SIM453>3.0.CO;2-H [pii]

Tucker, L. R. (1946). Maximum validitgf a test with equivalent itemBsychometrika, 1,11-
13.

Waller, N. G. (1998). EZDIF: Detection biform and Nonuniform Differential Item
Functioning With the Mantel-Haenszatd Logistic Regression Procedur&pplied
Psychological Measurement, (22, 391-. doi: 10.1177/014662169802200409

Wang, X., Bradlow, E. T., Wainer, H., & MullgE. S. (2008). A Baysan Method for Studying
DIF: A Cautionary Tale Filled With Surprises and Delightsurnal of Educational and
Behavioral Statistics, 33), 363-384.

Whitmore, M. L., & Schumacker, R. E. (199%) Comparison of Logitic Regression and
Analysis of Variance Differentidtem Functioning Detection Methodsducational and
Psychological Measurement, (89, 910-927.

Williams, M. T., Turkheimer, E., Schmidt, K. M., & Oltmanns, T. F. (2005). Ethnic
Identification Biases Responses to Badua Inventory for Obsessive-Compulsive
Disorder.Assessment, {2), 174-185.

Williams, N. J., & Beretvas, S. N. (2006).Pldentification Using HGLM for Polytomous
Items.Applied Psychological Measurement(B)) 22-42.

Wollack, J. A., Bolt, D. M., Cohen, A. S., & Lee, Y.-S. (2002). Recovery of ltem Parameters in

the Nominal Response Model: A Comisan of Marginal Maximum Likelihood
Estimation and Markov Chain Monte Carlo Estimati@épplied Psychological
Measurement, 48), 339-352.

Woods, C. M. (2011). DIF Testing With an Emgal-Histogram Approxiration of the Latent
Density for Each Group (Vol. 24, pp. 256).

Wyse, A. E., & Mapuranga, R. (2009). Differehii@m Functioning Analysis Using Rasch Item
Information Functionsinternational Journal of Testing,(%), 333-357. doi:
10.1080/15305050903352040

Yasuda, T., Lei, P.-W., & Suen, H. K. (2007).tBaing Differential Item Functioning in the

Japanese Version of the Multiple Affect Adjective Check List Revidmaknal of
Psychoeducational Assessmen{425373-384.

344



Zumbo, B. D. (1999)A Handbook on the Theory and Methods of Differential Item Functioning
(DIF): Logistic Regression Modeling asUnitary Framework for Binary and Likert-

Type (ordinal Item Score®ttawa, ON: Directorate édluman Resources Research and
Evaluation, Department of National Defense.

Zwick, R.T., Dorothy T.;Lewis, Charle1999). An Empirical Baye&pproach to Mantel-Haenszel
DIF AnalysisJournal of Educational Measurement,(1§ 1-28.

345



BIOGRAPHICAL SKETCH

Carl Siebert is currently a &tstical Consultant and Reselarnstructor at the Rutgers
University School of Social Work. He recet/his MBA from Duke University and MS in
Biostatistics from Florida State University, and has undergraduate degrees in both mathematics
and computer science. His current workuses on utilizing advanced measurement and
statistical techniques for the analysis of socisdrsmes data, and consulting with researchers and
program evaluators on their data analytictetyges. Carl’s particular interests are the
development of fair and rigorous measurenteals, the development and use of advanced
software for health and socistientists, use of technolofyr research and education,
leadership, organizational design, and kpteice dynamics. His professional background
includes teaching, computer programming argtesys analysis, and executive management
roles in quality assuranceaining, recruiting, human resourcesd operations. Carl also has
extensive consulting experience in program evadaah both the privateral public sectors. He
has been Pl on multiple research projects, amuubéshes in education and the social and health

sciences.

346



	Florida State University
	DigiNole Commons
	November 2013


