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Abstract
Differential item functioning (DIF) occurs when the probability of responding in a particular category to an item differs for members of different groups who are matched
on the construct being measured. The identification of DIF is important for valid
measurement. This research evaluates an improved version of Lord’s x2 Wald test
for comparing item response model parameter estimates between two groups. The
improved version uses better approaches for computation of the covariance matrix
and equating the item parameters across groups. There are two equating algorithms
implemented in IRTPro and flexMIRT software: Wald-1 (one-stage) and Wald-2 (twostage), only one of which has been studied in simulations before. The present study
evaluates for the first time the Wald-1 algorithm and Wald-1 and Wald-2 for three
groups simultaneously. A comparison to two-group IRT-LR-DIF is included. Results
indicate that Wald-1 performs very well and is recommended, whereas Type I error
is extremely inflated for Wald-2. Performance of IRT-LR-DIF and Wald-1 was similar,
even for three groups.
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Differential item functioning (DIF) occurs when the probability of responding in a
particular category to an item differs for members of different groups who are
matched on the construct being measured. There may be a true group-mean difference on the construct, but this is separate from whether the item functions differently
between groups. Identification of DIF is vital for valid measurement of constructs in
education, psychology, and other fields. Items that function differently for different
groups may be eliminated or revised, or at least analyzed (and scored) as if a different item was administered to each group.
There are many methods available for testing DIF. The present study is concerned
with two item response theory (IRT) approaches. One is the currently popular IRTLR, also known as IRT-LR-DIF or 2-group IRT (Thissen, Steinberg, & Gerrard, 1986;
Thissen, Steinberg, & Wainer, 1988, 1993), in which nested two-group IRT models
are compared with likelihood ratio tests. The other is an improved version of Lord’s
(1980, p. 212-224) Wald (1943) x 2 test, a statistic comparing parameter estimates for
an item between the reference and focal groups, divided by the standard error (SE) of
their difference. For models with more than one item parameter, all parameters are
compared simultaneously and the comparison is a matrix equation (given later in this
article) with a covariance matrix instead of an SE. In Lord’s (1980) original test, the
item parameters are estimated separately in each group and the metric is subsequently
equated using, for example, the approach of Stocking and Lord (1983).
Although IRT-LR and the Wald test are asymptotically equivalent (Thissen et al.,
1993), the Wald test never performed very well in simulations, often showing severe
Type I error inflation (Donoghue & Isham, 1998; Kim, Cohen, & Kim, 1994; Lim &
Drasgow, 1990; McLaughlin & Drasgow, 1987). Some authors suggested that inaccuracy in estimation of the covariance matrix was the problem (Donoghue & Isham,
1998; Kim et al., 1994; McLaughlin & Drasgow, 1987). Also, ad hoc equating does
not always work as well as identification of the metric between groups while simultaneously estimating parameters. There were approximately 10 years when no methodological work was published on the Wald test.
The Wald test was recently improved (Cai, 2012; Cai, Thissen, & du Toit, 2011;
Langer, 2008), so that the covariance matrix is estimated more accurately, and the
latent scale is held constant over groups simultaneously with item parameter estimation rather than through ad hoc equating. With these improvements, the Wald test is
expected to perform better. Indeed, in one extant simulation evaluation of the
improved test, Type I error was well controlled (Langer, 2008). Langer (2008) evaluated one of two equating algorithms currently implemented in IRTPro (Cai et al.,
2011) and flexMIRT (Cai, 2012) software for the improved Wald test. Both equating
algorithms will be evaluated in the current simulations.
With more than two groups to compare, the currently implemented improved
Wald test can compare all groups simultaneously using a contrast matrix. IRT-LR
could theoretically compare multiple groups simultaneously but would require a linear model for the item parameters, which is not implemented in currently available
software. Even if implemented, multiple-group IRT-LR would be much more time
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consuming than the Wald approach because many more models must be fitted. The
improved Wald test has not been evaluated in simulations for more than two groups.
In the present study, three-group improved Wald testing is compared with pairwise
comparisons with IRT-LR. Three-group Wald is expected to better control Type I
error and provide more power than multiple pairwise IRT-LR.
The primary purpose of this research is to evaluate the improved Wald test and
compare it to IRT-LR for ordinal responses. Conditions with two and three groups
are examined, two different equating algorithms for the improved Wald test are compared, and the sample size and the percentage of DIF items are varied. The simulations are described following descriptions of IRT-LR and Wald testing.

IRT-LR DIF Testing
IRT-LR is a procedure developed in the 1980s wherein likelihood ratio (LR) tests
from nested two-group unidimensional IRT models are used to test for DIF for one
item at a time (Thissen et al., 1986, 1988, 1993). For scales that measure more than
one (primary) construct, (essentially) unidimensional sets of items are individually
tested for DIF. Almost any item response function (IRF) can be used, and the IRF
may vary over items in the same analysis.
No explicit estimation of the latent construct, u, is needed; u is a random latent
variable treated as missing using Bock and Aitkin’s (1981) scheme for marginal
maximum likelihood implemented with an expectation maximization algorithm (EM
MML). The mean and variance of u are fixed to 0 and 1 (respectively) for the reference group to identify the scale and estimated for the focal group as part of the DIF
analysis. Anchor items, presumed to be group invariant, are needed to link the metric
of u for the two groups. Item parameters for all anchors are constrained equal
between groups in all models. The studied items are tested individually for DIF.
For each studied item, an analysis begins with a general test that is designed to
identify both uniform and nonuniform DIF (Camilli & Shepard, 1994; Mellenbergh,
1989). An analysis of a studied item fitted with (for example) Samejima’s (1969,
1997) graded model for Likert-type response scales begins with a general test for DIF
in the discrimination parameter, ai, the threshold parameters, bijs (j indexes thresholds), or both. The null (H0) and alternative (Ha) hypotheses are the following:
H0: aiF = aiR and bijF = bijR for all j
Ha: not all parameters for item i are group invariant
where ‘‘F’’ is for focal and ‘‘R’’ is for reference.
A model with all parameters for the studied item constrained equal between
groups is compared to a model with all parameters for the studied item permitted to
vary between groups. The LR test statistic is negative twice the difference between
the optimized log likelihoods, which is approximately x 2-distributed with degrees of
freedom (df) equal to the difference in free parameters. Statistical significance
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indicates the presence of DIF. If the general test is significant, follow-up tests are
easily carried out to establish whether the DIF is due to unequal ais, unequal bijs, or
both.
IRT-LR can be accomplished by repeatedly running any software that fits item
response models and permits parameters to be constrained equal between groups for
some items. Thissen’s (2001; Version 2.0b) free computer program, IRTLRDIF, provides a convenient implementation of IRT-LR by performing all of the model fitting
required to test each studied item for DIF (both the general test and the follow-up
tests) in a single run. IRTLRDIF compares two groups at a time, and if more than
two groups are of interest, the program must be rerun such that the comparisons are
totally separate, and overlapping. It is possible to extend IRT-LR for multiple groups
(tested simultaneously), but would require many model fittings. There is currently no
available software that implements simultaneous comparisons among more than two
groups using IRT-LR.
When assumptions are met (e.g., latent variables are actually normally distributed), Type I error for the general IRT-LR test is near the nominal level and the groupmean difference is recovered well under various realistic conditions (Ankenmann,
Witt, & Dunbar, 1999; Bolt, 2002; Cohen, Kim, & Wollack, 1996; Kim & Cohen,
1998; Stark, Chernyshenko, & Drasgow, 2006; Sweeney, 1996; Wang & Yeh, 2003;
Woods, 2009). Statistical power to detect uniform and nonuniform DIF increases with
increases in sample size, item discrimination, the number of anchors, and the amount
of DIF in the data (Ankenmann et al., 1999; Wang & Yeh, 2003; Woods, 2009).
These results are based on item responses simulated from the 2-parameter logistic, 3parameter logistic, or graded IRFs, with test lengths of 10, 15, 20, 25, 26, 30, 40, or
50 items and group-mean differences of 0, .4, .5, or 1 SD. Sample sizes in these studies were equal for both groups (NR = NF = 250, 300, 500, 1,000, or 2,000) or larger
for the R group (NR/NF = 1,000/300, 1,500/500, or 2,000/500). Anchors have been all
other items, one item, or 10%, 16%, 20%, or 40% of the total number of items.

The Wald Test for DIF
For the 2-parameter logistic (2PL) model,
Ti (ui = 1ju) =

1
1 + e½ai (ubi )

,

with u = latent variable, ui = item response, ai = discrimination, and bi = difficulty,
Lord’s statistic is
x2i = vTi S1
i vi ,

ð1Þ

where vTi = ½^
aFi  a^Ri , ^bFi  ^bRi , Si = covariance matrix for differences between
these item parameters, and df equal to the number of parameters compared (per item)
between groups (e.g., df = 2 for the 2PL). This test can readily be used with different
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unidimensional item response models instead; the contents of vi and Si are adjusted
accordingly. Lord originally used joint maximum likelihood to estimate item parameters, but EM MML is used now.
The improved Wald test (Cai, 2012; Cai et al., 2011; Langer, 2008) is expected to
improve on Lord’s (1980) original because the covariance matrix is estimated using
the supplemented expectation maximization (SEM) algorithm (Cai, 2008; Meng &
Rubin, 1991), and the latent scale is held constant over groups simultaneously with
item parameter estimation rather than through ad hoc equating. The SEM algorithm
is a strategy for calculating the information matrix (used for item parameter SEs)
when an EM algorithm is used for parameter estimation. Calculation of SEs is
not straightforward with EM algorithms because the full parameter information
matrix is not a by-product of the estimation as it is with non-EM maximum likelihood estimation.
Langer (2008) introduced a two-stage equating procedure referred to here as
Wald-2, and Cai et al. (2011) introduced a one-stage equating procedure referred to
here as Wald-1. Both Wald-1 and Wald-2 link the metric across groups simultaneously with item parameter estimation and DIF testing and should therefore improve
on ad hoc linking. Both Wald-1 and Wald-2 are implemented in IRTPro and
flexMIRT and use SEM estimation for the covariance matrix.

Wald-2
Wald-2 (Langer, 2008) does not require designated anchors. In the first stage, a model
is fitted wherein the reference group mean and SD are fixed to 0 and 1 (respectively)
to identify the scale, the mean and SD of the focal group are estimated, and all of the
item parameters are constrained equal between groups. In the second stage, a model
is fitted with the focal mean and SD fixed to the values obtained in the first stage.
This links the metric between groups, and then all item parameters are free to vary
between groups. As a result, the statistic in Equation (1) can be computed for each
item as the test for DIF. In IRTPro or flexMIRT, this approach is invoked using an
option called ‘‘test all items, anchor all items.’’
An advantage of Wald-2 is that all items are tested for DIF, and no anchors need
to be specified. A disadvantage of Wald-2 is that without designated anchors, the
focal group mean and SD are estimated from a misspecified model if there is DIF that
does not cancel out across items in the first stage. DIF contamination of the anchor
set is likely to produce Type I error inflation and other inaccuracies.
In Langer’s (2008) simulations with 5, 20, or 40 five-category (graded model)
ordinal responses, Type I error was well controlled, even a little underestimated (e.g.,
.02-.03 with a = .05), but this was probably because power was quite low. Twenty
percent of items on all simulated tests functioned differently between groups, and
items were discrepant between groups by a difference of .1 or .2 in thresholds (bijs)
and a multiple of 1.25 or 0.875 in discrimination (ai). Reference group ai was generated from N(m = 1.7, s2 = 0.32) and bi1 from N(m = 21.5, s2 = 0.52), with subsequent
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bijs incremented by a value drawn from N(m = 1, s2 = 0.22). Sample sizes were equal
for the reference and focal groups, N = 250 or 1,000, and the focal group mean was 0
or 2.6. As will be detailed in the present method section, data will be generated with
larger differences between groups to create a more realistic evaluation of Type I error
for Wald-2.

Wald-1
Cai et al. (2011) introduced Wald-1, which, like most DIF procedures, requires userspecified anchor items. Anchor items can be specified based on prior research or
prior testing (e.g., using Wald-2 or another method). Purification or empirical anchor
selection methods are commonly discussed in the DIF literature and lead to more
accurate Type I error rates when there are studied items that function differently
(Kim & Cohen, 1995; Wang, 2004; Woods, 2009).
In Wald-1, a single model is fitted wherein the reference group mean and SD are
fixed to 0 and 1 (respectively) to identify the scale, and the mean and SD of the focal
group are estimated simultaneously with estimation of the item parameters. Item
parameters are either constrained equal between groups (anchor items) or free to vary
between groups (studied items). A Wald statistic is obtained for every studied item.
Wald-1 has not been previously studied in simulations. In IRTPro or flexMIRT, this
approach is invoked using an option called, ‘‘test candidate items, estimate group
difference with anchor items.’’ A candidate item is another name for a studied item.

Multiple-Group Wald
Kim, Cohen, and Park (1995) introduced a generalization of Lord’s (1980) statistic to
compare more than two groups simultaneously:
Qi = ðCvi ÞT ðCSi CÞ1 ðCvi Þ,

ð2Þ

where vi and Si are similar to those in Equation (1) except that they hold item parameters and covariances (respectively) for all groups, and C is a matrix of contrast
coefficients specified by the analyst that determine how the parameters are compared
across groups. This approach used ad hoc linking and classic methods for estimating
Si : Kim et al. (1995) provided an empirical example but not simulations, and the
method was apparently never studied in simulations.
Multiple-group Wald testing can be improved also, by using SEM covariances
and Wald-1 or Wald-2 linking algorithms. These are generalizations of the two-group
methods described above. In multiple-group Wald-2, the means and SDs for all focal
groups are estimated in Stage 1 with all item parameters group equivalent. In Stage
2, the means and SDs for all focal groups are fixed, with all item parameters free to
vary across groups so that DIF tests are obtained (Equation 2). Langer (2008) provided an empirical example of three-group Wald-2 but not simulations.
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Multiple-group Wald-1 has not been studied previously. In multiple-group Wald1, a single model is fitted wherein the means and SDs for all focal groups are estimated while the item parameters for anchors are constrained equal across all groups,
and the item parameters for studied items are free to vary across all groups. DIF tests
are provided by the statistic in Equation (2).

Simulation Study
A simulation study was carried out to evaluate how the improved Wald tests (Wald-1
and Wald-2) perform with five-category ordinal data and two or three groups, under
conditions varying by sample size and percentage of differentially functioning items.
Two-group IRT-LR was included for comparison.

Method
Three characteristics were varied: the number of groups (two or three), the sample
size (equal larger, equal smaller, unequal larger, unequal smaller), and the percentage
of differentially functioning items on each test (25% or 50%). Therefore, there were
2 3 4 3 2 = 16 simulation conditions. There were 500 replications in each condition. Two groups constitute the standard DIF comparison, and three groups provide a
simple multiple-group case not previously evaluated. The selected percentages of
DIF items are realistic for what is observed in applied research (Bolt, Hare, Vitale, &
Newman, 2004; Chan, Orlando, Ghosh-Dastidar, Duan, & Sherbourne, 2004, Huang,
Church, & Katigbak, 1997; Rodebaugh, Woods, Heimberg, Liebowitz, & Schneier,
2006; Steinberg, 2001).
Sample sizes were as follows. Equal larger = 1,000 for all groups, equal smaller =
500 for all groups, unequal larger = 1,500/500 (two groups) or 1,500/500/500 (three
groups), unequal smaller = 750/250 (two groups) or 750/250/250 (three groups). The
total sample sizes were chosen to be realistic for research using item response modeling procedures. Unequal group sizes extend the methods of Langer (2008) who used
only equal group sizes. The proportions in the unequal group sizes used here are realistic for contexts in which it is reasonable to observe a 60% majority group with
other groups at 20% frequency, for example, Caucasian, Asian, and Latino ethnic
groups in parts of the United States.
Tests were generated with 24 five-category ordinal items, using Samejima’s unidimensional graded model. Test length was not a variable of interest in this research
and 24 is a moderate number of items that is realistically observed on unidimensional
tests in a variety of fields. If an item was created with a 0 response frequency in one
or more of the five intended response categories, the categories were collapsed and
the item was analyzed as a three- or four- category item. The number of category collapses required for each replication was recorded for each condition.
Details for the true parameters were selected to be realistic for DIF research based
on a review of applications of IRT-LR (Woods, 2009). Reference-group
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discrimination parameters (aiR) were drawn from N(m = 1.7, s2 = 0.6) with truncation on the upper end at 4.0, and on the lower end at 0.8. Truncation at 4.0 prevented
aiR from becoming unrealistically large, and the maximum amount of DIF in ai was
0.7 so truncation at 0.8 ensured that aiF was never less than 0.1. The first reference
group threshold, bi1R, was drawn from N(m = 20.4, s2 = 0.9) with truncation at
22.5 and 1.5. Subsequent thresholds were created by adding a randomly drawn
value, dihR, to the immediately previous threshold (h counts differences between consecutive bijRs, where j = 1, 2, 3, 4). The difference between adjacent bijRs was drawn
from N(m = 0.9, s2 = 0.4), with truncation at 0.1 and 1.5.
The number of correctly specified (i.e., DIF-free) anchor items was always 8. The
rest of the test consisted of either (a) 6 items with DIF + 10 DIF-free studied items in
conditions with 25% DIF or (b) 12 items with DIF + 4 DIF-free studied items in the
conditions with 50% DIF. DIF-free studied items were used to evaluate Type I error.
With Wald-2, the anchors were also tested for DIF; thus, they were also used to evaluate Type I error. For items with DIF, aiR . aiF and bijR \ bijF. The amount of DIF was
varied randomly among the DIF items on a test, among three realistic values roughly
considered smaller, medium, and larger amounts of DIF: d = .3, .5, or .7, determined
separately for each ai and bij (and separately for each focal group for three-group conditions) by a random draw (x) from a uniform (0, 1) distribution such that:
if (x  .33) then d = .3
else if ((x . .33) and (x  .66)) then d = .5
else if ((x . .66) and (x  1.0)) then d = .7
For the reference group, uR was drawn from N(0, 1). For the (first) focal group,
uF1 was drawn from N(2.6, 1). With three groups, the second focal group uF2 was
drawn from N(2.8, 1). The focal mean of 2.6 is realistic and was used by Langer
(2008), and the third mean of 2.8 was selected to be a little distinguishable from the
other focal group mean.
With three groups, we specified two nonorthogonal
that each
 contrasts indicating

1 1 0
focal group was compared with the reference group:
: This matrix is
1 0 1
set up so that each row is a contrast and each column is a group (column 1 is the reference group). Although orthogonal contrasts have desirable statistical properties,
there is little value in testing comparisons that are not actually of substantive interest
just because they are orthogonal. Here we used nonorthogonal contrasts corresponding to the group comparisons that are usually of interest for DIF.
All procedures were carried out using C ++ . IRT-LR was implemented using
modified C ++ source code from IRTLRDIF software (Thissen, 2001; Version 2.0b),
which carries out item parameter estimation using Bock and Aitkin’s (1981)
EMMML estimation scheme. For the present study, modifications to the source code
were made for three-group conditions so that two-group IRT-LR was carried out
once between the first focal group and the reference group, and again between the
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third group (a second focal group) and the reference group, for every replication.
IRT-LR was always run with 8 correctly specified (i.e., DIF-free) anchors.
The latent variable was represented with rectangular quadrature, ranging from
25.5 to 5.5 in increments of .1 (111 points). The maximum number of EM cycles
was 1,000 for fittings with the parameters for studied item i constrained equal in both
groups, and 500 for fittings with the parameters for studied item i permitted to vary
between groups. A fitting was declared converged when the parameter that was
changing the most between EM cycles changed less than .0001.
The improved Wald tests were carried out using the C ++ numeric engine of
flexMIRT (Cai, 2012). For every replication, testing was done once with Wald-1 and
again with Wald-2. Models were estimated using the Bock–Aitkin EM algorithm and
rectangular quadrature, ranging from 26 to 6 in increments of .25 (49 points), and
the same convergence criterion as IRTLRDIF. None of the procedures are particularly sensitive to the number of rectangular quadrature points, so the discrepancy
between the quadrature representations for the two procedures is not expected to
influence the results. The covariance matrix of the estimated item parameters was
computed using the SEM algorithm described by Cai (2008) with a convergence criterion of .001 for the forced-EM iterations.

Outcomes
Three results were evaluated: (a) statistical power, (b) Type I error rate, and (c) estimates of the focal group mean and SD (uF1 and SDF1 and also uF2 and SDF2 with three
groups) averaged over studied items and replications. Statistical power was calculated
for each simulation condition as the number of items with significant DIF tests divided
by the number of items with DIF. Additionally, the percentage of false positives (the
Type I error rate) was calculated as the number of items with a significant DIF test
divided by the number of DIF-free studied items (multiplied by 100%). A binomial
confidence interval (CI) was used to aid interpretation. With a true Type I error rate of
.05 and 500 replications, the CI
indicates that values between .03 and .07 are expected
pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
[CI computations: :0561:96( (:05(:95))=500) = :056:02: A comparison between the
average latent mean and SD and the known true values indicates the amount of bias.

Results
Response category collapsing was most frequent when the sample size was unequal
smaller (between 99% and 94% of replications required at least one collapse), followed by equal smaller, unequal larger, and was most rare for equal larger (between
62% and 84% of replications required at least one collapse). More collapsing was
required per replication for three versus two groups, which makes sense because the
more data generated, the greater the likelihood of a 0 frequency.
Of primary interest in this study was the performance of the improved Wald tests.
Results for the latent means and SDs, power, and Type I error are in Tables 1 to 3
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2.60 (1.00)

Unequal smaller

2.60 (1.00)

2.60 (1.00)

Unequal larger

Unequal smaller

Focal: 2.60 (1.00)
Third: 2.80 (1.00)
Focal: 2.60 (1.00)
Third: 2.79 (1.00)
Focal: 2.60 (1.00)
Third: 2.80 (1.00)
Focal: 2.60 (1.00)
Third: 2.80 (1.00)

Focal: 2.60 (1.00)
Third: 2.80 (1.00)
Focal: 2.60 (1.00)
Third: 2.81 (1.00)
Focal: 2.60 (1.00)
Third: 2.80 (1.03)
Focal: 2.60 (1.00)
Third: 2.81 (1.00)

3 Groups

2.60 (1.00)

2.60 (1.00)

2.60 (1.01)

2.60 (1.01)

2.60 (1.01)

2.60 (1.00)

2.61 (1.00)

2.60 (1.00)

2 Groups

3 Groups

Focal: 2.60 (1.01)
Third: 2.80 (1.00)
Focal: 2.60 (1.01)
Third: 2.81 (1.01)
Focal: 2.61 (1.00)
Third: 2.80 (1.01)
Focal: 2.61 (1.01)
Third: 2.80 (1.01)

Focal: 2.60 (1.01)
Third: 2.80 (1.01)
Focal: 2.60 (1.01)
Third: 2.81 (1.01)
Focal: 2.60 (1.00)
Third: 2.80 (1.01)
Focal: 2.60 (1.00)
Third: 2.81 (1.01)

Wald-1

2.74 (.87)

2.74 (.87)

2.74 (.89)

2.73 (.89)

2.66 (.94)

2.66 (.94)

2.67 (.94)

2.67 (.94)

2 Groups

Focal: 2.74 (.90)
Third: 2.93 (.89)
Focal: 2.74 (.90)
Third: 2.93 (.89)
Focal: 2.74 (.87)
Third: 2.92 (.88)
Focal: 2.74 (.88)
Third: 2.92 (.87)

Focal: 2.67 (.96)
Third: 2.86 (.95)
Focal: 2.66 (.95)
Third: 2.86 (.95)
Focal: 2.66 (.94)
Third: 2.86 (.94)
Focal: 2.66 (.93)
Third: 2.86 (.94)

3 Groups

Wald-2

Note. DIF = differential item functioning; IRT-LR = two-group item response theory. The true mean and SD were: 2.60 (1.00) for focal with two or three groups
and 2.80 (1.00) for the second focal (third) group. Sample sizes were equal larger = 1,000 for all groups, equal smaller = 500 for all groups, unequal larger =
1,500/500 (two groups) or 1,500/500/500 (three groups), unequal smaller = 750/250 (two groups) or 750/250/250 (three groups).

2.60 (1.07)

Equal smaller

2.60 (1.05)

2.60 (1.00)

Unequal larger

50% DIF
Equal larger

2.61 (1.00)

2.60 (1.00)

25% DIF
Equal larger

Equal smaller

2 Groups

Sample Size

IRT-LR

Table 1. Estimated Latent Mean and (Standard Deviation).
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Table 2. Proportion of Hits (Power).
IRT-LR
Sample Size
25% DIF
Equal larger

Wald-2

2 Groups

3 Groups

2 Groups

3 Groups

2 Groups

3 Groups

.98

Focal: .99
Third: .98
Focal: .93
Third: .92
Focal: .96
Third: .95
Focal: .88
Third: .86

.98

Focal: .98
Third: .98
Focal: .91
Third: .90
Focal: .97
Third: .96
Focal: .90
Third: .88

.97

Focal: .97
Third: .97
Focal: .88
Third: .88
Focal: .93
Third: .93
Focal: .83
Third: .82

Equal smaller

.93

Unequal larger

.96

Unequal smaller

.88

50% DIF
Equal larger

Wald-1

.98

Equal smaller

.93

Unequal larger

.96

Unequal smaller

.87

Focal: .98
Third: .98
Focal: .93
Third: .92
Focal: .96
Third: .94
Focal: .88
Third: .86

.91
.97
.90
.98
.92
.97
.90

Focal: .97
Third: .97
Focal: .91
Third: .90
Focal: .97
Third: .95
Focal: .90
Third: .88

.90
.95
.85
.93
.83
.90
.79

Focal: .93
Third: .93
Focal: .84
Third: .83
Focal: .90
Third: .88
Focal: .78
Third: .77

Note. DIF = differential item functioning; IRT-LR = two-group item response theory. Sample sizes were
equal larger = 1,000 for all groups, equal smaller = 500 for all groups, unequal larger = 1,500/500 (two
groups) or 1,500/500/500 (three groups), unequal smaller = 750/250 (two groups) or 750/250/250 (three
groups).

(respectively), in the middle column for Wald-1, and in the far-right column for
Wald-2. Wald-1 performed superbly: The means and SDs were nearly identical to
the generating values (Table 1), power to detect DIF was high (Table 2), and Type I
error was near the nominal level (Table 3).
The story was quite different for Wald-2: Latent means and SDs were somewhat
inaccurate (Table 1) and Type I error was inflated, egregiously so with 50% DIF
items. The problem with Wald-2 is that differently functioning items are assumed to
be DIF-free in the first stage. In the presence of DIF (that does not cancel out at the
scale level), this model is misspecified, driving up the Type I error rate. The misspecification becomes increasingly extreme as the percentage of differentially functioning items increases. Because of the Type I error inflation, the power results for Wald2 are not very useful (Table 2).
Results for IRT-LR are reported in the far left columns of Tables 1 to 3. Latent
means and SDs were generally accurate; however, because of a few less accurate SD
estimates, Wald-1 was preferable (Table 1). The Type I error rate was well controlled
(Table 3). Power was similar to that for Wald-1; however, Wald-1 provided slightly
greater power when the sample sizes were unequal (Table 2).
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Table 3. Proportion of False Alarms (Type I Error).
IRT-LR
Sample Size
25% DIF
Equal larger

Wald-2

2 Groups

3 Groups

2 Groups

3 Groups

2 Groups

3 Groups

.05

Focal: .05
Third: .05
Focal: .05
Third: .05
Focal: .04
Third: .05
Focal: .04
Third: .05

.04

Focal: .04
Third: .04
Focal: .04
Third: .04
Focal: .04
Third: .05
Focal: .04
Third: .05

.14

Focal: .11
Third: .12
Focal: .06
Third: .07
Focal: .09
Third: .10
Focal: .05
Third: .07

Equal smaller

.05

Unequal larger

.05

Unequal smaller

.06

50% DIF
Equal larger

Wald-1

.05

Equal smaller

.06

Unequal larger

.05

Unequal smaller

.05

Focal: .05
Third: .05
Focal: .04
Third: .05
Focal: .04
Third: .05
Focal: .05
Third: .04

.04
.05
.05
.04
.04
.05
.04

Focal: .03
Third: .03
Focal: .03
Third: .04
Focal: .05
Third: .05
Focal: .05
Third: .05

.07
.11
.07
.56
.30
.47
.22

Focal: .52
Third: .49
Focal: .26
Third: .25
Focal: .40
Third: .37
Focal: .20
Third: .18

Note. DIF = differential item functioning; IRT-LR = two-group item response theory. Sample sizes were equal
larger = 1,000 for all groups, equal smaller = 500 for all groups, unequal larger = 1,500/500 (two groups) or
1,500/500/500 (three groups), unequal smaller = 750/250 (two groups) or 750/250/250 (three groups).

Discussion
In pursuit of valid measurement for all test takers, it is important to test for, identify,
and deal with any items that perform differently between groups. A differentially
functioning item may be deleted, revised, or modeled (and scored) as if it was a different item for each group. The present study provided a first evaluation of the Wald1 DIF-testing algorithm, and the three-group simultaneous test with Wald-1 and
Wald-2 algorithms. Wald-1 and Wald-2 are implemented in IRTPro and flexMIRT
software.
Wald-1 performed well. This method requires the specification of designated
anchor items and was tested in the present simulation with correctly specified (DIFfree) anchors. In practice, anchors must be empirically selected, and the accuracy of
the selection will influence the performance of the test. Anchors can be selected
based on prior research or prior testing. If prior testing is necessary, the two-stage
Wald testing method (Wald-2) may be useful for this purpose. A future simulation
aimed at evaluating the performance of Wald-2 for anchor selection would be useful.
Wald-1 is recommended for DIF testing, with thoughtful selection of anchors.
Wald-2 performed poorly; latent means and SDs were somewhat inaccurate and
Type I error for DIF testing was inflated. Wald-2 seems appealing because the analyst need not designate anchors and DIF tests are obtained for all items. But the cost
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of these conveniences is Type I error inflation, which will be minimal with smaller
percentages, and extreme for higher percentages, of differentially functioning items.
Type I error inflation suggests bias when minimal or no bias actually exists, which
can lead analysts to mishandle (e.g., discard) fair items. Wald-2 is not recommended
unless it is used to select anchors for Wald-1.
Notably, Langer’s (2008) evaluation of Wald-2 did not indicate Type I error inflation. This seems to be because the DIF effect sizes were rather small in her study;
true differences between thresholds were .1 or .2, whereas here we used .3, .5, or .7.
The discrimination parameter differences are more difficult to compare between studies because Langer used a multiplicative constant and we used a simple difference.
However, the expected value of the group discrimination difference in Langer’s study
was .21 or .43 (1.7 2 [1.7 3 1.25] or [1.7 3 0.875], 1.7 was the mean of Langer’s
reference group ai distribution) whereas we used .3, .5, or .7. Also, Langer simulated
tests with 20% of items differentially functioning versus 25% or 50% in the present
study. It is reasonable to expect Wald-2 to manifest inflated Type I error whenever it
is used in the context of adequate power.
With three groups, Wald-1 was expected to show greater power to detect DIF than
IRT-LR because it compares the groups simultaneously using a single statistic and
model rather than a completely separate comparison for a third group as in IRT-LR.
However, power was nearly the same for Wald-1 and IRT-LR. Perhaps the Wald
method would show a power advantage if there were more than three groups, or if
orthogonal contrasts were used. Langer (2008) discusses orthogonal contrast matrices
for improved Wald DIF testing. The contrast matrix used in the present study
reflected comparisons usually of interest in DIF, but it was not orthogonal; its use
may have made the Wald and IRT-LR procedures more similar to one another than
would be the case if an orthogonal contrast matrix were used. Future exploration of
Wald-1 with different contrast matrices would inform this question.
The present study has focused on an omnibus test of DIF (null hypothesis rejected
if any of the parameter estimates differ between groups for the item tested). However,
if this test is significant, follow-up tests are often of interest to determine which item
parameters actually differ between groups. For IRT-LR, such tests are obtained
straightforwardly by fitting models with additional constraints, and are implemented
in IRTLRDIF (Thissen, 2001). For follow-up tests with Wald testing, Langer (2008)
described and studied conditional tests which are also implemented in IRTPro and
flexMIRT. The conditional tests were not evaluated in the present study for the sake
of simplicity and brevity, but it would be useful to examine their statistical properties
in future research.
Other DIF testing methods that compare three or more groups simultaneously are
multiple indicator multiple cause models (MIMIC; e.g., Muthén, 1985, 1989) and the
generalized Mantel–Haenszel method (GMH; Somes, 1986; Zwick, Donoghue, &
Grima, 1993). Wald testing is currently considered superior to both. The GMH
approach conditions on summed scores, and only tests for uniform DIF. MIMIC
models use latent variables, but implementation is straightforward only when

Downloaded from epm.sagepub.com at UNIV OF CHICAGO LIBRARY on March 11, 2016

Woods et al.

545

nonuniform DIF is ignored. In the future, MIMIC-interaction models (Woods &
Grimm, 2011), which test for nonuniform DIF, will likely become more readily
estimable, and then a comparison between them and Wald testing will be important.
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