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Abstract

Many educational surveys employ a multi-stage sampling design for students, which makes use
of stratification and/or clustering of population units, as well as a complex booklet design for items
from an item pool. In these surveys, the reliable detection of item bias or differential item
functioning (DIF) across student groups is a key component for ensuring fair representations of
different student groups. In this paper, we describe several modeling approaches that can be useful
for detecting DIF in educational surveys. We illustrate the key ideas by investigating the
performance of six hierarchical generalized linear models (HGLMs) using a small simulation study
and by applying them to real data from the Trends in Mathematics and Science Study (TIMSS) study

where we use them to investigate potential uniform gender DIF.
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National and international educational surveys are important empirical tools for monitoring
student achievement in particular content domains such as mathematics, science, and reading. For
instance, the Program for International Student Assessment (PISA) (http://nces.ed.-gov/assessments/
pisa/) and the Trends in International Mathematics and Science Study (TIMSS) (http://nces.
ed.gov/timss/) are well-established international surveys while the National Assessment of
Educational Progress (NAEP) (http://nces.ed.gov/nationsreportcard/) is a well-established national
survey in the United States whose technical developments have driven many of the current standards
in like surveys around the world (e.g., Mislevy, 1991; Mislevy, Beaton, Kaplan, & Sheehan, 1992;
Mislevy, Johnson, & Muraki, 1992). There also exist numerous independent educational surveys
conducted by provinces or states that are implemented at regular intervals.

These educational surveys are designed to support system-wide accountability systems, which
requires that any inferences about mean performance differences across groups of students can be
made reliably and validly (Rutkowski, Gonzalez, Joncas, & von Davier, 2010; von Davier, Sinharay,
Oranje, & Beaton, 2006). Statistically, the examination of differential item functioning (DIF) is
regarded as an important component in this overall process (Mapuranga, Dorans, & Middleton, 2008)
and is reflected in various quality assurance statements in the Standards for Educational and
Psychological Testing (American Educational Research Association, American Psychological
Associating, & National Council on Measurement in Education, 1999).

Our goal for this paper is to introduce key concepts for DIF detection as well as six model
specifications under a unified estimation framework for DIF detection within educational surveys,
which is the framework of hierarchical generalized linear models (HGLMs) (e.g., Kamata, 2001;
Prowker & Camilli, 2007; Raudenbush & Bryk, 2002). We investigate the practical utility of the six
models using a small scale simulation study and demonstrate their use with real data from TIMSS
2007.

We have organized the paper as follows. In the first section, we provide an overview of key
concepts for DIF detection, whether in educational surveys or other application contexts. In the
second section we discuss important features of data collection procedures in educational surveys
and the way in which they impact parameter and standard error / variance estimation in parametric
statistical models. We then provide a rationale for a designed-based estimation process of DIF effects
as implemented in the HGLM framework. In the third section, we conduct a small simulation study
to investigate the DIF detection ability of six different HGLMs. In the fourth section we apply these
models to a subset of the 2007 TIMSS data. We close the paper with a summary and brief discussion
of key findings.
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Basic Concepts in DIF Detection

The literature on the theory and practice of DIF is vast and we recommend the following
sources for further reading. For a general overview of DIF methods, we recommend, for example,
Ferne and Rupp (2007), Mapuranga, Dorans, and Middleton (2008), Osterlind (2009), and Zumbo
(1999). For an overview of key implications of the complex sampling designs for educational
surveys for secondary analyses generally, we recommend the articles by Rutkowski et al. (2010),
von Davier, Gonzalez, and Mislevy (2010), and von Davier et al. (2006). For examples of how DIF
analyses can be conducted within unified estimation frameworks for parametric statistical models,
which are most appropriate for educational survey data, we recommend Binici (2008), Kamata

(2001), Kamata and Binici (2003), Kim (2003), and Prowker and Camilli (2007).

DIF vs. Impact

DIF occurs when different item response probabilities are observed for students with identical
levels of proficiency (i.e., equal values on the observed or latent variables in the statistical model)
who belong to at least two distinct groups. Importantly, DIF is not the same as true mean differences
proficiency, which are known as impact in the literature (Camilli & Shepard, 1994; Hauger & Sireci,
2008). Put differently, DIF reflects conditional performance differences whereas impact reflects
unconditional / marginal performance differences. DIF can be viewed as caused by distributional
differences on a variable that reflects a secondary construct that an instrument is not intended to
measure but that the items that display DIF appear to require during responding. Hence, biased
inferences for items displaying DIF will only result if the students in different groups actually differ

in their proficiency distribution on the secondary variables (Shealy & Stout, 1993).

Uniform vs. Non-uniform DIF

Researchers distinguish between two general types of DIF, which are known as uniform DIF
and non-uniform DIF. Uniform DIF refers to the condition when one of the groups — typically the
one denoted as the reference group — is predicted to perform either better or worse than the other
group(s) — typically denoted as the focal group(s) — throughout the entire proficiency range. In
contrast, non-uniform DIF exists when there is a point on the proficiency continuum where the
predicted difference in performance across the groups reverts. This is important to remember
because certain statistical approaches to DIF detection do not allow for the detection of non-uniform
DIF. Importantly, this is equally true of some methods that employ observed-score matching (e.g.,

the Mantel-Haenszel method from the area of multivariate statistics / categorical data analysis) and
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some methods that employ latent-variable matching (e.g., models in the Rasch family from the area
of Item Response Theory (IRT)); for an overview of IRT see, for example, de Ayala (2009), Yen and
Fitzpatrick (2006), and Embretson and Reise (2000).

Grouping Structures in DIF Analyses

The reference and focal groups that are used in DIF analyses could be observed (e.g., gender
groups, ethnicity groups) or unobserved, in which case the groups are often believed to represent
students who utilize differential strategies for responding. In the first case, statistical models with
categorical group indicators can be used while in the second case statistical models with latent
classes need to be used, which are also known as finite mixture models (e.g., McLachlan & Peel,
2000).

Although two-group comparisons are commonly utilized in DIF studies for legislative or
technical reasons (Zhang, Dorans, & Matthews-Lopez, 2005), this can sometimes be problematic
because specific performance differences across different subgroups created by combining
individual grouping variables (e.g., male Caucasians vs. female non-Caucasians) might not be fully
teased apart (Mapuranga et al., 2008). Fortunately, multi-group comparisons with either one or
multiple categorical variables can nowadays be carried out with relative ease by borrowing
principles from factorial analysis-of-variance models (for a review of the latter see, e.g., Lomax,

2007).

Matching Criteria for DIF Analyses

The criterion that is used to match the student groups to investigate potential conditional
performance differences can technically be external or internal to an instrument under investigation,
even though internal criteria are by far more frequently used in practice. External criteria could be
observed total scores or estimated latent-variable scores from supplementary assessment batteries
that measure constructs that are similar to the target construct of the instrument of interest; in
contrast, observed total scores or estimated latent-variable scores frequently serve as internal
matching criteria (Camilli, 1993; Camilli & Shepard, 1994; Clauser, Mazor, & Hambleton, 1993;
Dorans & Holland, 1993; Holland & Thayer, 1988).

One potential challenge for using internal criteria is that DIF analyses might suffer from
empirical and interpretational circularity (Camilli, 1993; Zenisky, Hambleton, & Rubin, 2003a)
because matching scores are computed with information from potential DIF items included. One
possible remedy is applying iterative strategies that remove such items and lead to a purification of

the matching criterion / criterion refinement (Clauser et al., 1993; Holland & Thayer, 1988; Holland
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& Wainer, 1993; Zumbo, 1999). In contrast, a confirmatory application of procedures such as
SIBTEST ( Shealy & Stout, 1993) requires the a priori specification of a subtest for matching for

which it is known that the constituting items do not show DIF.

Statistical Models and Methods for DIF Detection

As already alluded to, it is helpful to differentiate conceptually between parametric statistical
models for DIF detection, which assume a particular distributional form for the item response
variables (e.g., a Bernoulli or multinomial distribution for each variable) and non-parametric
statistical methods, which do not. Since parametric latent-variable models are the state-of-the-art for
analyzing data from educational surveys in light of the complex sampling design for students and the
complex booklet design for items, these models are typically also used exclusively for DIF analyses
in operational stages for such surveys.

The difference between observed-score matching and latent-variable score matching has
immediate implications for the statistical models that can be used. Nowadays, most parametric
modeling approaches are viewed as special cases of more general modeling frameworks. Many
parametric models, including the ones formulated within the HGLM framework that is the focus of
this paper, can be cast as special cases within a Generalized Linear Mixed Model (GLMM)
framework (e.g., Goldstein, 2003; Raudenbush & Bryk, 2002) or an even broader Generalized
Linear Latent and Mixed Model (GLLAMM) framework (e.g., Binici, 2008; Skondral &
Rabe-Hesketh, 2004).

Statistical Detection versus Substantive Explanation

It should be noted that DIF analyses are purely empirical exercises in that certain statistical
models or methods are applied to data and certain items or groups of items are then flagged. What
these basic analyses frequently do not provide is either an explanation of what might have led to the
conditional performance differences or a prescription of what should be done with the items that are
flagged as displaying DIF.

However, with regards to the former, substantive hypotheses about potential causes of DIF can
nowadays be empirically operationalized by including predictor variables for the variation in item
parameters in statistical models (e.g., surface-structure item design variables, deep-structure
cognitive complexity variables) even though that is not necessarily always done in practice.
Substantive hypotheses about potential causes for impact can be simultaneously investigated by
including predictor variables for the variation in student parameters (i.e., observed or estimated

proficiency scores) in statistical models. The inclusion of covariates at both of these levels is
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nowadays relatively straightforward within the unified estimation frameworks mentioned earlier and
is known in the latent-variable modeling literature specifically as explanatory item response

modeling (De Boeck & Wilson, 2004).

Summary

To conceptually understand and judiciously apply particular methods for DIF detection, it is
important to be clear about: 1. whether DIF for two or multiple groups is of concern, 2. whether
these groups are observed or unobserved, 3. whether uniform or non-uniform DIF is likely to be
present, 4. whether external matching criteria are available and of interest for use, 5. whether single
or multiple matching variables are available, 6. whether the matching criterion is / the matching
criteria are observed total score(s) or estimated latent-variable score(s), (7) whether parametric or
non-parametric statistical models can or should be used for DIF detection, and (8) whether
covariates for explanatory purposes at the item or student levels can or should be directly or
indirectly included in the analysis.

Since educational surveys contain sampling complexities at both the student and the item level,
certain statistical modeling approaches for DIF detection — non-parametric statistical models in
particular — are not appropriate if integrated DIF analyses are desired. In the following section we
outline some of the key implications of these complexities for DIF analyses and focus specifically on

DIF detection with parametric models within a unified estimation framework.

DIF Detection in Educational Surveys

Complex Sampling Designs for Students and Sampling Weights

As discussed in Rutkowski et al. (2010), educational surveys usually employ a multistage
cluster sampling design that additionally uses stratification at one or multiple stages. For instance,
NAERP utilizes a two-stage sampling design: the first stage involves the selection of schools within
strata, and the second stage involves the selection of students within schools (von Davier et al,,
2006). Generally speaking, multistage cluster sampling designs are employed because they reduce
the cost of data collection and make the surveys practically feasible even though they typically
increase the sampling error compared to simpler sampling designs.

Specifically, stratification is a process of grouping students into relatively homogenous
subgroups before sampling at a particular level. Cluster sampling refers to the selection of sets of
units (e.g., districts, schools, or classrooms within schools) rather than individual students. Further

information about the particularities of sampling designs for educational surveys can be found in
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Rutkowski et al. (2010), von Davier et al. (2006), and the technical reports for educational surveys
that can be found on the websites we referenced above.

With multi-stage sampling designs, sampling weights are used to adjust parameter estimates for
differences in the probability of selecting individual sampling units. Each sampling unit is assigned a
base weight, which is the inverse of the overall initial probability of selection. For example, if a
student is selected with probability of 1/100 during sampling, then that student represents 100
students in the target population. The sum of the base weights of all the sampled students is an
unbiased estimate of the total number of students in the target population.

Developers of large-scale educational surveys provide various types of sampling weights in
publicly available databases. For instance, five main types of sampling weights are available in the
TIMSS 2007 database: fotal student weight, student house weight, student senate weight, school
weight, and teacher weight (Rutkowski et al., 2010). The fotal student weight is the inverse of the
overall probability of a student being selected. The student house weight is a linear transformation of
the total student weight such that the sum of these weights is equal to the observed sample size; it
eliminates the inflation of degrees of freedom that would result if the total student weight were used.
The senate weight is the student total weight rescaled such that all students’ senate weights sum to
500 in each country; it is useful when comparing statistics from countries of different population
sizes. When senate weights are properly used, the country with a considerably larger population does
not dominate any statistical analyses.

Due to the fact that TIMSS also reports on school, teacher, and classroom characteristics aside
from student characteristics, a school weight and a feacher weight are also provided. The school
weight is the inverse of the probability of selection for a specific school while the feacher weight is
the student total weight divided by the total number of teachers a specific student has. Depending on
the focus of analysis (e.g., capturing the directionality, magnitude, and significance of effects for
students, teachers, or schools) researchers need to either select or, potentially, compute weights at
appropriate sampling levels to accommodate features of nested data.

Before assigning a weight to a particular level of analysis with a statistical analysis software
program for survey data (e.g., STATA, SAS assessment procedures, R ‘assessment’ package,
SUDAAN, WesVar, AM), it is important to check program manuals to ensure the software’s
definition of weights at different levels agrees with those listed in the data. For example, in a
two-level HGLM, the level-1 student weight should be the inverse of the conditional probability of
the student being selected given his or her school was selected. However, the total student weight in

the TIMSS data is the inverse of the joint probability of a certain student and the school that he or
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she attends being selected and is, thus, not directly appropriate. When appropriate weights are not
readily available, researchers should be prepared to manually calculate weights for each level (see

Rutkowski et al., 2010, for illustrations).

Complex Sampling / Booklet Designs for Items

Correct Estimation of Mean Proficiency Differences via Plausible Values

The design of any large-scale educational survey requires a fine balance between
accommodating theoretical desiderata for reliably and validly assessing student performance and
accommodating practical constraints regarding implementation of data-collection schemes at the
same time. Ideally, survey developers would like to make very precise inferences about the
proficiency of individual students while (1) ensuring a broad coverage of tested domains for each
individual student and (2) simultaneously testing a large cross-section of the student population.
However, since resources such as testing time or money for administering and scoring responses are
finite, there exists a notable tension among these desiderata (Adams & Gonzalez, 1996).

As a solution, complex item sampling designs, which are also known as matrix sampling
designs or booklet designs, are commonly employed in educational surveys. In these designs, subsets
of items are selected from the total item pool and are typically arranged into dlocks corresponding to
a certain administration time (e.g., 15 or 20 minutes), which are then assigned to the survey forms or
test booklets using a particular design structure (see Frey, Hartig, & Rupp, 2009, for a didactic
introduction to such designs). All educational surveys use multiple booklets (e.g., there were 14
booklets in TIMSS 2007 and 13 booklets in PISA 2009) and each booklet typically contains items
from multiple content domain(s) of interest (e.g., reading, mathematics, and science).

Educational surveys are designed to provide reliable inferences at aggregate levels (e.g., school
districts, countries, student groups defined otherwise). That is, resulting estimates of proficiency
should not be used to make inferences about individual students because these proficiency estimates
are far too imprecise / unreliable (Rutkowski et al., 2010; von Davier et al., 2010; von Davier et al.,
2006). This is a result of the booklet design, because each individual student only responds to few
items from each domain, often targeted at a relatively broad range of ability, resulting in very few
well-targeted statistical pieces of information that are available for domain-specific subscore
estimation for each student. Put differently, data from booklets typically match the mean proficiency
level of groups of students (e.g., students at particular school types or in particular countries)
relatively well, but match the proficiency levels of individual students relatively poorly.

Consequently, secondary analyses that focus on mean proficiency differences for groups of
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students use alternative estimates of proficiency known as plausible values (e.g., Mislevy, 1991;
Mislevy & Sheehan, 1987; Rubin, 1987; von Davier et al., 2010; von Davier et al., 2006). The
statistical machinery for estimating plausible values was first developed for NAEP in 1983 and is the
current state-of-the-art for many educational surveys. Unlike the single latent variable values
estimated in a traditional IRT model, plausible values are multiple imputations of the single latent
variable value that needs to be estimated for a particular reporting dimension for each student. Put
even more technically, they are multiple random draws from an appropriate posterior distribution of
latent variable values for each individual student, which is adjusted for the influence of a wide range
of covariates on student performance.

Typically, published data sets for educational surveys contain several — often five — plausible
values and proper statistical analyses require an integrated analysis that aggregates and synthesizes
the point estimates and standard errors from separate analyses, each one run on a different plausible
value. For example, Rutkowski et al. (2010) discussed how to combine the results of each analysis
into a single set of point estimates and standard errors using Rubin’s (1987) multiple imputation
formulas. This aggregation and synthesis strategy avoids potential problem of underestimating the
standard errors of the statistics of interest if only one of plausible values or the mean point estimates

across the plausible values were used.

Model-Based Standard Error Estimation

The assumption of independent responding that underlies traditional statistical analyses (i.e., of
a response process for individuals that is not influenced by context effects such as a common
educational environment) is violated when data are collected using the complex sampling designs
that are common to educational surveys; consequently, analytic procedures must be adjusted to
appropriately address the hierarchical structure of the sample.

The ratio of the adjusted variance for a parameter estimate and the unadjusted variance that is
produced when treating a complex survey sample as a simple random sample is called the design
effect. When the design effect of a survey is not considered in the statistical analysis, the results
underestimate variances and consequently inflate type-I errors (Cochran, 1977). For example, in DIF
analyses for educational surveys, more items than appropriate may be flagged for DIF if the
sampling design is not accounted for by the statistical analysis.

Two approaches exist for variance estimation under a complex sample design, which are
grounded in design-based and model-based inference (Kalton, 1983). In a design-based approach,
post-hoc adjustments are made to unadjusted variance estimates to account for the complex sampling

structure. For the analyses that follow, we adopt a model-based approach, which directly
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decomposes the observed variance of response variables into contributions at various design levels
(e.g., classrooms, schools) and, thus, represents the various sampling levels with their stratification
variables directly in the statistical model. Consequently, corrected standard errors are produced
directly.

A commonly used statistical framework for model-based DIF analysis in general is the HGLM
framework that we mentioned earlier. Various general-purpose latent-variable programs can
nowadays estimate HGLMs using, for example, pseudo-likelihood methods (Binder, 1983;
Pfefferman, Skinner, Holmes, Goldstein & Rasbash, 1998), amongst them SAS PROC GLIMMIX in
SAS, MPlus (Muthén, L. K. & Muthén, B. O., 2007) and HLM (Raudenbush, Bryk, Cheong,
Congdon & du Toit, 2004). Such programs have options for specifying sampling weights at multiple

design levels as well as associated item and student covariates.

HGLM Model for DIF Detection

Statistical models within an HGLM framework are relatively simple to specify and estimate in
user-friendly general-purpose latent-variable software such as SAS 9.2, Mplus 5.0 or HLM 6.0.
Importantly, these programs can accommodate data that are missing randomly and by design, both of
which are common for educational surveys, as well as plausible value estimation. In the following
sections, we present four candidate models that have been proposed for DIF detection within the
HGLM framework — two of them in two variations resulting in a total of six models — and assess
their efficacy in detecting DIF using a small simulation study. Our key objective is to provide readers
with an intuition about the underlying specification principles that they embody, rather than to
provide a seemingly complete answer regarding their utility for DIF detection under a wide range of

conditions.

A Primer on the Basic Ideas for DIF Detection: The One-level Logistic
Regression Model

Swaminathan and Rogers (1990) proposed the use of logistic regression analysis for DIF
analysis, which allows for the simultaneous detection of uniform and non-uniform DIF depending on

which model is specified. For a single dichotomously scored item (i.e., a response variable with

scores 0 and 1 that follows a Bernoulli distribution), the probability ( p, ) for an individual j to get a

correct response on item i depends on his or her ability level and his or her group membership; these

elements are connected via a log-odds or logit link function (77, ) as follows:
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where W, is the matching variable for student j (e.g., the observed total score or the estimated
ability level), G, denotes the group membership of student / (i.e., 0 for the reference group and 1 for
the focal group) and (WG), denoted the product / interaction term of these two variables.

In the linear predictor on the right-hand side of the equation, the intercept parameter 3,
corresponds to the conditional log-odds of a correct response for the reference group, which
indicates the “difficulty level” of this item; thus, a higher value indicates a greater probability for
correctly answering item j for students in the reference group. The parameter f, models a main
effect of the matching variable (i.e., the influence of proficiency differences on item performance)
whose inclusion as a covariate represents the matching step in DIF analyses.

DIF analyses mainly focus on the coefficients for the grouping variable. The parameter /3,
corresponds to a group main effect (i.e., the difference in the conditional log-odds of a correct
response between the reference and focal groups) so that a significant non-zero value indicates
uniform DIF. If non-uniform DIF is of the interest, the f;, parameter associated with the interaction
effect term is used so that a significantly non-zero value for f,, or a significant joint test of S,
and f,, indicates non-uniform DIF.

The HGLM framework that we describe in the following expands these ideas. It can be used for
two distinct purposes as far as DIF detection is concerned, which are to specify and estimate (1) one-
and two-parameter hierarchical IRT models for DIF detection, (2) hierarchical logistic regression
models for DIF detection, and (3) hybrid IRT and logistic regression models. Since our focus is on
data from educational surveys we focus specifically on simple cases of models (1) and (3) in the

following.

Kamata’s (2001) Rasch Model Formulation as a HGLM

A traditional unidimensional IRT model can be viewed as the simultaneous estimation of
several simple logistic regression models with a single latent predictor variable. In prototypical IRT
models, the latent variable values vary randomly across students to model differing proficiency
levels of students while the item parameter values are fixed to model that a single fixed form is given
to a subset of students. A basic IRT model is, by definition, equivalent to a two-level HGLM.
Consequently, DIF analyses can be conducted within a HGLM framework, which possess the
additional advantages that more levels can be added to the model to accommodate more complex

nested data structures. Moreover, covariates can be included at different model levels to account for
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DIF or proficiency differences of students.

The utility of the HGLM framework for DIF analyses was original outlined by Kamata (2001)
who introduced a hierarchical Rasch model formulation into the literature. In Kamata’s level-1
model, one item serves as reference item with its difficulty set to ‘0’ and the other items are

represented via dummy variables. For a single dichotomously scored item (i.e., a response variable

with scores ‘0’ and ‘1’ that follows a Bernoulli distribution), the probability ( p, ) for student; to give

a correct response to item i is expressed via a logit link function (7, ) as

P,
log—"—=n, =B, +B,Zy;+ B, 2, + -+ By Zu-
A 2)

k-1
=po, + Z/%-Zw
g=1

where /;is the level-1 intercept or student main effect. For K items, K — 1 dummy variables ( z,, )

are included at the level-1 model, each of which is coded ‘1’ for item ¢ and ‘0’ otherwise to allow for

the possibility that not every item is presented to every student. Consequently, [, corresponds to

the difficulty parameter for item ¢, which is interpreted relative to the difficulty of the reference

item.

Since proficiency varies across students, [, is modeled as a random effect at level 2. In

contrast, since item difficulty remains constant across students, the S parameters are modeled as
fixed effects at level 2. When recasting the level-2 model for DIF analyses, a group indicator

variable G; needs to be included similar to the one-level logistic regression model above:

ﬂ0j=700+701Gj+u0j 3)
ﬂq/‘ :7/q0 +7/qu/' (4)

where y,, is the mean proficiency estimate of the reference group, y, denotes the mean

difference between the focal and reference group, and #,, is the random effect that follows a normal
distribution with a mean of 0 and a variance of 7.

Similarly, y,, is the relative difficulty parameter of item q for the reference group, and y,, is
the difference in relative item difficulty between the reference and focal group for item ¢ (i.e., the
effect size of DIF for item g relative to the reference item). Taken together, these equations can be

expressed as a single regression equation as follows:
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which shows the simultaneous adjustment for group differences in mean proficiency (i.e., impact)
via 7, and group differences in item difficulty (i.e., DIF) for item g via y,, .

Since the model formulation in equations 2-4 is for the Rasch model, only uniform DIF can be
examined. This model is theoretically straightforward to specify and can be easily estimated using

general-purpose latent-variable software programs such as SAS 9.2, Mplus 5.0 and HLM 6.0.

Kim’s (2003) Simultaneous Logistic Regression Model within the
HGLM Framework

Kim (2003) formulated a hybrid of a logistic regression and an IRT model for DIF detection as
a hierarchical model within the HGLM framework. This allowed for the detection of non-uniform
DIF while using a Rasch-like modeling basis, which has some potential advantages as HGLM
formulations for two-parameter IRT models that could be used to test for non-uniform DIF are rather
complicated to set up. The resulting HGLM formulation also allows for a simultaneous estimation of
the mean proficiency difference across groups (i.e., impact) as in Kamata’s Rasch model, which
would have to be estimated separately (e.g., via a two-sample #-test on observed total scores) if
traditional logistic regression models were used for each item.

The HGLM formulation of this hybrid model thus mimics the formulation of Kamata’s model
and the one-level logistic regression model from above. The level-1 regression equation is the same
as in Equation 3. However, the level-2 equations for the slope parameters differs from Equation 4

and is the same as in the one-level logistic regression model in Equation 1:

:Bo_/ =Yoo T VG, +1y, (6)

'Bq/ = }/40 +}/q1Wj + }/qZGj +}/43(WG)./ (7)

Similar to the one-level logistic regression model, the regression coefficient y_, is used to examine

uniform DIF while the regression coefficient y, ;, or both coefficients jointly, are used to test for

non-uniform DIF. These equations can be expressed as single model equation as follows:

I—UP ):77,-,- =Yoo +705G,‘ +Z(7qo +741W/ +742G/' +}/q3(WG)j)Ztlif Ty, (8)

ij 9=1

log(
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which shows the simultaneous adjustment for group differences in mean proficiency (i.e., impact)
via y,, , and conditional group differences in item difficulty (i.e., DIF) for item g via y,, and y,;.
Moreover, it shows that the random effect #,; in Equations 6 and 8 is the conditional proficiency
level of an individual student after a matching variable for DIF has been included in the item
parameter model at level 2 — arguably not as easily interpretable as in Kamata’s model though.
However, just as Kamata’s original model, it has been criticized for requiring an arbitrary
specification of a reference item which may have an undesirable impact on the DIF detection for
other items if the reference item is itself subject to DIF; this is addressed with the following two

models.

Pan’s Reparameterizations of Kamata’s and Kim’s Model Formulations as
HGLMs

Pan (2008) argued that deleting the intercept parameter y,, in the level-2 model while keeping
dummy variables for all items yields an equivalent formulation of the above models for DIF

detection without the need to specify a desirably non-DIF item as a reference item. Pan

reparameterized Kamata’s and Kim’s models with X, instead of K-1, dummy variables ( Z ;) in the

level-1 model as follows:

My =B+ BiiZiy + BoyZog + % By Zumvg * ByZiy

K %)
= '801' + Z'quzqij
g=1
The level-2 model for the intercept was now written as
Po; =ty (10)

in both models while the slope expressions remained as in Equations 4 and 7 for Kamata’s and
Kim’s models, respectively.
Again, these equations can be expressed as single model equations; Pan’s reparameterization of

Kamata’s model is

P. K
IOg(l ]P):']ij22(7qo+7quj)Zqij+uoj (11)
-P, o

while Pan’s reparameterization of Kim’s model is
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P

1 UP V=11, =2 Voo T VW, + 700G + ¥ W) N2y + (12)
-P, —

log(

Pan’s reparameterized version of Kamata’s model is still a Rasch model, except that the random
effect is a direct estimate of the proficiency level for student j rather than an indirect estimate
expressed as a difference from the mean proficiency. Similarly, the y s now directly represent the
difficulty parameters for specific items, rather than the difficulty parameters relative to the reference

item.

Summary and Discussion

In summary, the four core models for DIF detection within an HGLM framework mentioned
above include Kamata’s model and Pan’s reparameterization of Kamata’s model, both of which are
Rasch models, and Kim’s model and Pan’s reparameterization of Kim’s model, both of which can be
viewed as hybrid versions of logistic regression models and Rasch models.

Importantly, there is an additional methodological question for Kim’s model and Pan’s
reparameterization of it, which is whether total score estimates or latent-variable estimates should be
used as internal matching variables. For complex booklet designs, the use of booklet total scores is
tedious and even less desirable than the use of plausible values. Of course, both of these methods
seem intuitively less desirable than doing a direct DIF analysis within an IRT framework. To
investigate the degree to which these intuitions are true for DIF analysis we have designed a small
simulation study that we present in the next section.

We also note that all four HGLMs presented in this section treat the DIF effect as a fixed effect
across any potential higher-order sampling units. However, as discussed in the previous section, the
nature of sampling design in large-scale surveys results in the fact that responses from students
within the same school and / or school district and / or country are contextually dependent upon one
another even after proficiency differences have been accounted for. As a result, the two-level
HGLMs can be extended to three-level HGLMs to investigate whether the magnitude of DIF varies

across schools even though this is not the focus of our paper.
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Simulation Study Rationale and Design

Objective of Simulation Study

No simulation study has been conducted so far to investigate the statistical performance of the
four core HGLMSs in the previous section — and their variations using booklet total scores and
plausible values — in relation to one another under different conditions for DIF. Thus, the three main
purposes of our simulation study were: 1. to investigate whether using a non-DIF item or a DIF item
as the reference item in Kamata’s and Kim’s original models impacts their DIF detection ability; 2.
whether using booklet total scores or estimated plausible values in Kim’s model and Pam’s
reparameterization of it impacts their DIF detection ability; and 3. which of the six models perform(s)

superior overall across a range of conditions.

Design of Simulation Study

We employed a total of seven models, which were: 1. the Rasch model with a mean item
parameter constraint for identification as estimated via marginal maximum likelihood in Conquest
2.0; 2. Kamata’s Rasch model formulation as estimated via pseudo maximum likelihood within the
HGLM framework with a reference item constraint for identification (Kamata); 3. Kim’s model with
a reference item constraint for identification as estimated via pseudo maximum likelihood within the
HGLM framework and with booklet total scores as matching variables (Kim-BTS); 4. Kim’s model
with a reference item constraint for identification with plausible values as matching variables as
estimated via pseudo maximum likelihood within the HGLM framework and (Kim-PV); 5. Pan’s
reparameterization of Kamata’s Rasch model without a reference item constraint as estimated via
pseudo maximum likelihood within the HGLM framework (Pan-Kamata); 6. Pan’s
reparameterization of Kim’s model without a reference item constraint and with booklet total scores
as matching variables as estimated via pseudo maximum likelihood within the HGLM framework
(Pan-Kim-BTS); and (7) Pan’s reparameterization of Kim’s model without a reference item
constraint and with plausible values as matching variables as estimated via pseudo maximum
likelihood within the HGLM framework (Pan-Kim-PV). The six HGLMs with their two-level

specifications are summarized in Table 1.
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Fixed Design Factors

We fixed the number of groups for DIF analyses to two to keep the complexity of the study
manageable. To mimic the complex sampling design for students in large-scale survey, we specified
that all students from the two student groups were clustered within five schools. For each student
group, we specifically generated100 students per school resulting in a total sample size of 1,000.
Variations in the school and individual weights were not considered in the current simulation study.

As shown in Table 2, we implemented a complex booklet design for items by generating a total
of 18 items and constructing two booklets from them; we specified each booklet to contain 12 items
with six items shared by the two booklets. We specified the item parameters within each booklet to
range from -1.50 to 1.50 with parameters for anchor items ranging from -0.50 to 0.50 in accordance
with a discrete approximation to a normal distribution for item parameters within each booklet.
Among the 18 items, we selected four items as DIF items; we specifically selected one easy item
(Item 3), two moderately difficult items (Item 8 and Item 10) and one difficult item (Item 16) as

displaying DIF,

Table 2 Item Difficulty Parameters for Item Generation

Unique Booklet 1 Items Common Items Unique Booklet 2 Items
Item B Item Bi Item Bi
Item I -1.50 Item 7 -0.50 Item 13 -1.50
Item 2 -1.00 Item 8* -0.25 Item 14 -1.00
Item 3* -0.75 Item 9 0 Item 15 -0.75
Item 4 0.75 Item 107 0 Item 16° 0.75
Item 5 1.00 Item 11 0.25 Item 17 1.00
Item 6 1.50 Item 12 0.50 Item 18 1.50

? indicates items for which DIF was introduced.

We completed a total of 30 replications for each condition. We investigated the DIF detection
ability of each model by computing the empirical type-I error rates for non-DIF items as well as the
empirical power for DIF items using the 5% cut-offs suggested by the theoretical sampling
distributions for the model parameters under the null hypothesis of no DIF. The rates were computed
as averages over all items of a particular type (i.e., non-DIF and DIF items) and, for models with

plausible values as matching variables, across all five runs for the five plausible values.
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Manipulated Design Factors

We specified two types of reference item conditions, one where the reference item did not
display DIF and one where the reference item did display DIF; in both conditions we chose a
moderately difficult item as the reference item — Item 9 and Item 10, respectively — to allow for a
sufficient amount of response variance. We also manipulated the magnitude of DIF at two levels, a
moderate effect size of .50 and a strong effect size of .75, which was applied equally to all DIF items.
We also manipulated the proficiency score distribution of the focal group at three levels with N(-.5,
1), N(0, 1) and N( .5, 1) and fixed the distribution of the reference group to N(0, 1). The purpose of
manipulating the ability distribution was to investigate how well the different models are able to
detect DIF in the presence of impact.

Clearly, the above design is not an exhaustive treatment of all possible design factors and their
levels that might influence the ability of the models to detect DIF; instead, we wanted to use the
design as a consciousness-raising device so that readers can understand some of the basic issues in

DIF analyses and interested researchers can extend this simulation to a wider set of conditions.

Data Generation

The model that we used to generate data was the three-level model presented in Binici (2008).
In this model, the log-odds of a correct answer to item i by student ; in school & is given by

_ @, 3, 3
Mk =b +aGy +c,G, +ujy, +uy +u /Gy (13)

where b, represents the difficulty of item i; G, is the dummy variable for group indicator with

value ‘1’ when student j in school k£ belongs to focal group and ‘0’ otherwise; a is the main group
effect representing the mean proficiency difference between the focal and reference groups; ¢, is

the interaction effect between item and student variables, which is the difference in item difficulty

between focal and reference group or the DIF effect size for item .

The last three terms are the random effects corresponding to the three model levels. Specifically,

u{)) represents the random effect associated with school £ and can be interpreted as the mean

ability of individuals in school k; w3 represents random effect of students in schools and can be

interpreted as the proficiency of student j in school k expressed as a difference from the average

ability of students in that school; and )

represents the random DIF effect, which can be
interpreted as the difference of the item difficulty parameter value for school k from the average item

difficulty parameter value across all schools.
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We assume that the #’ and u!) are sampled from a bivariate normal distribution with the

following mean vector and variance-covariance matrix:

MW[BM; aD

We specified the variance-covariance matrix as

5 _[0010
“10.004 0.010

which results in a moderate correlation coefficient between the random school and DIF effects

.004 . . . .
(p :—\/_—&—_— =0.4). Finally, we independently sampled the proficiency estimates for student j

0.01x0.01
in school & from a standard normal distribution N =(u,,, 1—o}). We simulated the data in R and
obtained the plausible value estimated via ConQuest 2.0 (Wu, Adams, Wilson, & Haldane, 2007)
using the standard Rasch model specification in this software, which constrains the mean item
parameter value to ‘0’. We then used SAS PROC GLIMMIX, which uses pseudo maximum-
likelihood estimation, to specify and estimate the six proposed HGLMs. For Kim’s model with
plausible values and Pan’s modification of it, we estimated the model five times, each time with one

plausible value, and then aggregated all counts for power and type-I error rates across the five runs.

Simulation Study Results

Reference Item Effect

The first issue of interest was whether DIF in the reference item had an effect on the power and
type-1 error rates for Kamata’s and Kim’s original model formulations that included a reference item;
the resulting values are shown in Table 3 for each combination of the DIF effect size and ability
distribution of the focal group.

In short, as one would expect, using a DIF item as a reference item has a negative impact on
DIF detection overall. When DIF is present for the reference item, Kamata’s and Kim’s models were
not only unable to effectively detect other DIF items but also incorrectly identify most non-DIF
items as displaying DIF. This pattern existed largely independent of proficiency distribution

differences and DIF effect sizes; some differences existed in places but those were largely
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Table 3 Power and Type-I Error as a Function of DIF Effect Size, Proficiency Distribution

Difference, and DIF in Reference Item

Proficiency Distribution of Focal Group

DIF Reference (Reference Group Distribution is M0, 1))
Effect Model
Sige  ltem N(-05,1) MO, 1) MO.5, 1)
1
Power Type-lError  Power Type-I Error Power Type-I Error
Pan .82 .64 .61 23 .19 .59
None
Rasch .69 .16 .67 17 .78 18
Kamata 53 .05 .60 .05 .65 .04
.50 Non-DIF
Kim 28 30 .50 .08 .74 16
Kamata .08 .56 .01 .54 .04 .55
DIF
Kim .28 Sl .06 30 18 .08
Pan .92 .69 .86 31 45 73
None
Rasch 91 25 91 26 .94 28
Kamata .85 .05 .84 .03 .87 .03
.75 Non-DIF
Kim 47 38 1 16 91 a5
Kamata .07 .85 .06 .81 .07 .85
DIF )
Kim 23 52 .07 42 22 21

Note. Power and type-l error are computed over all items displaying or not displaying DIF, respectively,
excluding the reference item, as well as all replications for plausible values. The row for Pan’s model
contains aggregated information from Pan’s reparameterized versions of Kamata’s model and both
matching variable versions of Kim’s model. The row for Kim’s model contains aggregated information
for both matching variable versions for Kim’s model.

overshadowed by the overwhelmingly high type-1 error rates and relatively low power. This pattern
was even worse for Kamata’s model than for Kim’s model as the former had a less than 10% of
chance to detect DIF in other items with even more severely inflated type-I error rates.

In contrast, when the reference item did not display DIF, Kamata’s model performed overall
best in that it controlled the nominal type-I error rate while showing moderate power across all
proficiency distribution conditions. As expected, the power increased as the DIF effect size increased
as well. Given the distinct adverse impact of using a DIF item as a reference item, the following
analyses exclude models with reference items that contain DIF and only focus on the models in
which either the reference item does not display DIF or no reference item is required in the first

place.
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Matching Variable Effect

There was a rather complex impact of the type of matching variable on DIF detection in Kim’s
original model and Pan’s reparameterization of it as shown in Table 4, which we compared also to

basic Rasch model formulations.

Table 4 Power and Type-1 Error as a Function of DIF Effect Size, Proficiency Distribution
Difference, and Matching Variable Type

DIF Proficiency Distribution of Focal Group

Matching (Reference Group Distribution is N0, 1))
Effect Model
Gige Variable N(-0.5, 1) MO, 1) NO.5, 1)
Power Type-I1Error  Power Type-I Error Power Type-I Error

Kamata .53 .05 .60 .05 .65 .04

None Pan 1.00 .70 .68 .04 .05 .64

Rasch .69 16 .67 17 .78 18

.50 Kim .06 .50 38 .07 .88 .19
BTS

Pan 48 57 47 57 43 52

Kim .50 .09 .63 10 .60 12
PV

Pan .98 .66 .68 .07 .08 .62

Kamata .85 .05 .84 .03 .87 .03

None Pan 1.00 .66 91 .07 28 .67

Rasch 91 25 91 26 .94 28

75 Kim 13 .58 .56 15 .94 13
BTS

Pan .76 .83 17 .80 a7 .85

Kim 81 A7 .86 17 .87 A8
PV

Pan 1.00 .59 .90 .07 28 .67

Note. Power and type-I error are computed over all items displaying or not displaying DIF, respectively,
excluding the reference item, as well as all replications for plausible values. BTV = Booklet total scores,
PV = plausible values.

Overall, Kamata’s original Rasch model specification and the Rasch model specification in
Conquest 2.0 performed comparatively better than Kim’s model or Pan’s reparameterization of it.
They had consistent power largely independent of proficiency distribution differences and power
differences were consistent with the magnitude differences of the DIF effect sizes; however, the
Conquest 2.0 model estimation for the Rasch model showed some noticeable type-1 error rate

inflation. Pan’s reparameterization of Kamata’s model performed relatively more poorly among the
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set of Rasch models whenever the proficiency distribution of the focal group did not match the
proficiency distribution of the reference group.

Looking across the models that use matching variables specifically, Kim’s model performed
best when plausible values were used with moderate to high power and relatively mildly inflated
type-1 error rates across all proficiency distribution and DIF effect size conditions. In contrast, Pan’s
reparameterization of Kim’s model with plausible values only worked well when the proficiency
distribution of the focal group matched that of the reference group but performed poorly otherwise.
The use of booklet total scores cannot be recommended for Pan’s reparameterization of Kim’s model
at all and did not fare much better for Kim’s original model even though, amongst all conditions for
it, the best condition was the one where the proficiency distributions of the reference and focal group

matched.

General Model Comparison

To summarize the patterns in Tables 3 and 4 above, the type-I error rates and power for the

models we investigated are plotted in Figurel and Figure 2, respectively.

1.00 4
0.90 -
0.80 A
0.70 A
—e— Kamata-none
0.60 1 —&— Pan-none
—e— Rasch-none
0.50 A 4 Kim-BTS
0.40 - & Pan-BTS
' - % -Kim-PV
0.30 - ®-Pan-PV
0.20 -
0.10 A
0.00

N(-0.5,1)  N(O, 1) N@©0.5,1) N(-0.5,1)  N@©,1)  N(0.5,1)
DIF=0.50 DIF=0.75

Figure 1. Type-I error rates across different models as a function of DIF effect size and

distributional differences
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1.00
0.90
0.80 |
0.70 A

—e— Kamata-none
0.60 —&— Pan-none
0.504 —e— Rasch-none

4 Kim-BTS

0.40 & Pan-BTS

- % - Kim-PV
0.301 - ®-Pan-PV
0.20 1
0.10
0.00

N(-0.5,1)  N(O, 1) N@©0.5,1) N(-0.5,1) N, 1) N(0.5, 1)
DIF=0.50 DIF=0.75

Figure 2. Power across different models as a function of DIF effect size and distributional

differences computed using theoretical cut-offs

Overall, only in Kamata’s model did the empirical sampling distributions match the
theoretically expected ones closely, followed by Kim’s original model formulation with plausible
values as matching variables and the Rasch model as implemented in Conquest 2.0, both of which
appear to require slight adjustments to the cut-off values.

More specifically, it can be seen that the test statistics followed the theoretical sampling
distributions best when the proficiency distributions of the focal and reference group matched. The
one exception was Pan’s reparameterized version of Kim’s model with booklet total scores, which
showed uniformly poor performance. Pan’s modifications of models also showed strikingly large
increases in type-I error rates overall whenever the proficiency distributions for the focal and
reference group were different independent of the magnitude of the DIF effect size.

With respect to power, one has to be careful with the interpretations of the patterns in Figure 2
as the inflated type-l error rates in Figure 1 indicate that the cut-off values for decision-making
should be adjusted upward and, thus, effectively result in decreased power rates. As one would
expect, then, the Rasch model as estimated via maximum likelihood in Coquest 2.0, Kamata’s
HGLM version of it as estimated with pseudo maximum likelihood, and Kim’s original hybrid
model with plausible values as matching variables appear to perform similarly well considering
some slight downward adjustments for the latter two models given the observed inflated type-I error

rates.



Xiao-Shu Zhu et al. DIF Detection Using HGLMs ¢ 115 o

As stated before, Pan’s versions of the models without reference items or Kim’s model with
booklet total scores are only attractive alternatives when proficiency distribution differences between
focal and reference group can be assumed to be nonexistent. Given the highly inflated type-1 error

rates, we are hesitant to make other global statements about the remaining models across conditions.

Real-Data Analyses Using TIMSS 2007 Data

The Data

The example items for this analysis come from the publicly released TIMSS 2007 science items
for 4th grade (TIMSS & PIRLS International Study Center, 2009). To keep the illustration
conceptually simple, we use a unidimensional subtest with items from the life science content
domain only and use all 24 dichotomously scored life science items that can be found in eight out of
the 14 booklets in the database. The subsample from the overall U.S. sample that we used consisted
of 4,483 students who provided responses to at least one of these eight booklets.

A section of the raw data file is shown in Figure 3 to illustrate the data structure in TIMSS; in
particular, the distinction between randomly missing data and data missing by design is apparent (see
also Enders, 2010, for more detailed discussions of missing data analysis in general).

In TIMSS, as in our simulation study, two booklets usually share several common items. For
example, booklet 1 and booklet 2 (the first column is the booklet [D) contain eight and seven items,
respectively, and share four common anchor items. Consequently, anchor items have more responses
from the selected 4,483 students than booklet-specific items and yield more precise parameter
estimates.

The TIMSS 2007 international database also provides various student background variables,
including sex, age and testing language of the students. For this paper our focus is on the potential
gender bias on the life science items to mimic a two-level grouping variable from the simulation
study. Our use of sex as a grouping variable, albeit chosen primarily for its two-level nature, was
substantively motivated by research on DIF by Hamilton (1999) and Hamilton and Snow (1998) who
found that for those items requiring spatial reasoning or visual content, the male examinees
performed better than the female examinees after matching on total test scores. Zenisky, Hambleton,
and Robin (2003b) further suggested that gender DIF in science could result from three sources: item
content category, reference component, and item type. However, we acknowledge that our intent

here is not substantive interpretation but, rather, illustration of consistency of results across a variety
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of statistical DIF detection methods.

Data Preparation

In the following we show the data preparation for DIF analyses in HLM 6.0 (Raudenbush et al.,
2004) where each model level requires one separate data file; if SAS PROC GLIMMIX were used
then only one file would be needed.

In the original data file the responses and background information for one individual are
arranged in one single row as shown in Figure 3. The ID variables for the booklet (IDBOOK),
school (IDSCH) and student (IDSTUD) were used to identify each individual. Thé following 24
variables (V1 to V24) are the response to the 24 selected life science items. The grouping variable
(SEX), five plausible values (PVs), as well as the booklet scores for one particular booklet (SUBT)
are also included. As we discussed earlier, the use of a complex sampling design requires the use of
appropriate sampling weights for secondary analyses such as the DIF analyses we conduct here.
Consequently, the two appropriate sampling weight variables for the students and the schools, which
are not shown in Figure 3, were also used.

For all the HGLM DIF analyses, dummy variables were specified in the model as item
indicators. The 24 items require 23 dummy variables for Kamata’s and Kim’s original models.
Instead of one row for one student as in the original data file, a matrix with 24 rows and 23 columns
is specified for each student as shown in Figure 4; in this matrix the response for a particular item for
a particular student occupies one row.

In particular, the first row represents the first student’s response to the first item. Since the first
item is used as reference item in the example data, it is noticeable that all the dummy variables are
given ‘0’ values for this item. The exact item scores for the 24 items are arranged in one column
while the ID variables, weight variables, plausible values, booklet total score, and sex for a particular
student are the same across the 24 rows for each student. The data files for Pan’s modified models
are very similar except that there is one dummy variable for each item.

As the simulation study showed, whether a reference item displays DIF or not has a strong
impact on DIF detection for other items in Kamata’s and Kim’s original models; unfortunately, in the
absence of a priori DIF information, for the empirical data it is hard to decide which item should be
selected as reference item. The strategy we used is to select two items (Item land Item 24) as

reference items for the TIMSS data in a two-step strategy described next.



Xiao-Shu Zhu et al.

Wa)1 30UDISJAI SB | WA Yim NTOH I0J 911 viep VS Jo sjdwexy 4 a4nd1g
0 0 0 o 0 o 0o lo ojo oo 0 o 1| lewessisees X8 0 ¥ svi |6a108 o)
0 D 0 0 0 0 0 (0 0 D 0 D 0|0 | E/E79 %65 66095 0 ¥ vl 69108 ol
0 | 0 0o o 0o 0o o o o o o o o 0 |[|]iscoesees BIEIw Y 1 € syl (69108  LOM
! — - 0 0o 0o oo o o o0 o loio o ||}acoeisces 8969 ¥ L € Svl 69108 O
0L 0 0 0 0 0 0o 00 010 0 0 0 00 0 [z szes 20963 ¥ L € Sv1L 69108 |0
D0 L oo o 9,0 0 00 0 0 oo 0 0 o 0 0 o |liaceer ezees 9B ¥ L E sv'L (63108 |10
O 0 0 ( ©0 0 0 0 0 00 000000 000 00 0]]]fscoesos e v L £ Sl 69108 |L0)
00 0 0 L 0o 0 o0 o0 oo o 0o o0 0 o 0 o] Recoersres mIewm Y L E Syl 69108 |10
0 0 0o 0o 1 o oo oo o o0 0000 0 0 o0 o offieereces 296% ¥ L E v 69108 L0
0 0o oo 100 0@ o0 oo oo p o o [ledsees 096 ¥ L E vl 169108 |0}
0 0 0 0 0 0 0 L 00 08 0 090 00 00 0 o offdeckscse acog v L € Svl (69108 |0}
0 0 0 0jolo o o v o o oo oo oo 0o 0 o offfieceskes osuodsoy fr ' ¢ Sv'L (69108 |LOM
0 0 0 0o oo oo o oo oloo oo 0 o o0 o]fecoees y 1 ¢ vl 63108 |10/
0 0 0 0o 0o 00 Lo o0 oo o0 0 0 o off e Kes ga9E Y L € vl 63108 L0
0 0 0 0 0o 0o o0 ot oo b o o0 o0 o off ey G vl 69108 |10
0 0 0 0 0 0 0 0 0 010 0 L 00 00 0 0 0o o |offodiegdr scef udisaq Aq Juissiy b e Sr'L 69108 1D
0 0 0 00 0 @ 0O 0 0D O 0 0L 0000 0 0 00 7 307 |o7/ote eswwer 1 € sv'L (69108 |0
0 0o 0 0 0 olo o o o 0o oo o 000 o o o |ojloiacosrgeoas wmaewm v L € vl 69108 |10}
0 0 0 0 o oo o oo 00 o0 00 0 0 0 o] []eceyeces 96k v L € s 69108 10§ 8
0 o 0o 0lo oo 0o 00 o0 oo oo+ a0 0o o offeeeeces 0965 ¥ L € svi 69108 1o/
5 0o 00 a0 o0 00008 o ol oo+ o o o off{ehrisces zB9BI ¥ L € Syl 53108 |0 g
0 0 0o 0 0o o 0000 mopoo0 00 a0t o0 offl#oereses 89695 ¥ L € sl eai08 oy S
0 0 o 0 00 0 00 0 o0opooo0.0 @008 0 t 0o oflfWzoowiees 969 v L € syl 63108 o ¥
0 0o 0o oioon o o0 000 00mopoo 00 0 1 oo s 29695 v L € o1 egios o €
0 0o 0 0 0o o o o0 o0 000000 00 o i) feceeeces 78965 ¥ L € s g8 o ¢
0 0 0 0 o 0 0 0 0 0 o o0 0 00 lo o 0 0 0 o offfecee eces 096 v L € svL 89108 o) ¢
OZZ|6IZ |BIZ |Z1Z 912 |GIZ|V\Z|EVZ|CVZ | VZ[OIZ | 6Z |8 | £Z | % | 5Z | VZ | EZ | ZZ |A| GAd | PAd IAd Ens [ X33 NLSAA| HOSA | aN

* 118 * DIF Detection Using HGLMs




Xiao-Shu Zhu et al. DIF Detection Using HGLMs ¢ 119 o

DIF Analysis Results

Recall that no reference item is required for the Rasch model and Pan’s three reparameterized
versions of Kamata’s model and Kim’s model — one with booklet total scores and one with plausible
values. Since these models seem to perform better for DIF detection, the results of DIF analyses for
these four models are compared first to provide the initial identifications of DIF items; results are
summarized in Table 5.

Overall, eight out of 24 items are consistently identified as displaying DIF by at least three
models; specifically, five items were declared to favor male students (Item 1, Item 3, [tem 5, Item 11
and Item 22) and the other three were declared to favor female students (Item 2, Item 4 and Item 19);
due to the consistency across models it is likely that these results are trustworthy. The Rasch model
identified four more items as displaying DIF (i.e., Item 7, Item 8, Item 12 and Item 20), which may
be due to a slightly inflated type-I error rate relative to the other models assuming the ability
distributions are identical across the two groups. We note also that we would expect about 1-2 items
to be declared as displaying DIF anyway under a nominal 5% type-1 error rate.

The models that require reference items were compared next with Items 1 and 24 chosen as
reference items for two separate runs; we selected these items based on their likely DIF
characteristics. Specifically, according to the DIF analyses using models without reference items
above, it is most likely that Item 1 displays DIF against males while Item 24 is most likely not
displaying DIF against either sex group.

In short, the analyses with these two items as reference items echo the findings in the
simulation study. Specifically, when the likely non-DIF item, Item 24, is used as a reference item,
Kim’s model with plausible values as well as Kamata’s model agrees with the results from the
previous analyses for the remaining items, especially for items where multiple models pointed to DIF.
However, when the likely DIF item, Item 1, is used as a reference item, Kamata’s model and Kim’s
model with plausible values agree but they flag many other items as displaying DIF, predominantly
for females, which is largely contrary to the directionality of the DIF effects detected previously.
Moreover, Kim’s model with booklet total scores gives conflicting results with respect to these two
models.

We conclude this section by noting that DIF detection under complex item sampling designs is,
of course, unnecessarily more complex when booklet total scores are used to match students. To
illustrate this point, when the reference item is not contained in a particular booklet, the last item in

that particular booklet is identified by SAS as the reference item for that booklet by default. In our
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analyses, seven out of the 18 booklets that we used required five or six other reference items in

addition to Item 1, which makes strict comparisons difficult.

Discussion

In this paper we reviewed key ideas for DIF detection generally and their practical
implementation for educational surveys using the HGLM framework specifically. The complex
sampling design for students coupled with the complex booklet design for items have a significant
impact on the ways DIF parameters and their standard errors need to be estimated. By utilizing the
HGLM framework, as one member of the larger family of GLLAMMSs, explanatory DIF analyses
can be conducted accurately and efficiently.

Six general HGLMs within the GLLAMM framework were introduced and a small-scale
simulation study was conducted to compare their DIF detection ability under different conditions.
Given the technical nuisance and undesirability of obtaining total scores on a booklet-by-booklet
basis under a complex booklet design, IRT models are generally preferable. Indeed, the simulation
study indicated that the Rasch models perform best across a wide range of conditions with some
exceptions that align with theoretical expectations.

Specifically, the DIF detection ability of Kamata’s Rasch model formulation is dependent upon
whether DIF is present in the reference item. One possible solution is to randomly select several
items as reference items and compare results for the other items across all analyses in order to
identify potential DIF items. Since both the results of the simulation study and the empirical data
indicate that the Rasch model as estimated in Conquest 2.0 may also lead to a few additional
false-positives, we suggest combining the results from both model formulations — or multiple
comparable model formulations for the same model generally — to arrive at a joint judgment about
DIF.

Even though removing the need to identify a reference item through the application of Pan’s
reparameterized models is conceptually appealing, all of Pan’s modified models were sensitive to
whether the proficiency distributions between the two groups of interests matched or not. The
unacceptably high type-1 error rates when the distributions did not match in the simulation study
reflected the seeming inability of the modified models to differentiate between impact and DIF.
Further study is required to explore this issue comprehensively.

In real-data analyses where true proficiency score distributions are not known the use of models

that are not affected by potential distributional differences is key and, if a range of models with
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different properties is used, a synthesis of evidence is required. For example, for our data set there
were several items for which the same items were flagged for the same sex group — even when Pan’s
models were used — which is strong evidence of likely DIF for these items.

Interestingly, the use of plausible values in Kim’s model — albeit not Pan’s modification of it for
differing proficiency distributions — did not appear to deteriorate the DIF detection markedly
compared to Kamata’s Rasch model formulation or the Rasch model formulation as estimated in
Conguest 2.0. That is, if a hybrid IRT and logistic regression modeling approach within a HGLM
framework is desirable, using plausible values in complex booklet design scenarios seems to be
possible if Kim’s original model formulation with a non-DIF reference item is used.

Of course, if individual response data are available, which is necessary for DIF analyses, there
is no technical reason — and no real statistical advantage that we can think of — to using a hybrid IRT
and logistic regression approach as in Kim’s model over a direct IRT approach. This would seem to
be true for Rasch models, which allow only for the detection of uniform DIF by definition, as well as
two-parameter models, which allow for the detection of both uniform and non-uniform DIF. The
specification and the resulting DIF detection of two-parameter models can still be somewhat
cumbersome in some general-purpose latent-variable estimation programs, but we expect that any
perceived specification and estimation advantages of Kim’s model will vanish in the near future.
Nevertheless, our simulation study provides some evidence that plausible values could be used if
desired, especially if the results are properly aggregated across the multiple analyses that they

require.
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