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An Investigation of Lord’s Procedure for the
Detection of Differential Item Functioning
Seock-Ho Kim and Allan S. Cohen, University of Wisconsin

Hae-Ok Kim, University of Nebraska

Type I error rates of Lord’s &chi;2 test for differential
item functioning were investigated using monte carlo
simulations. Two- and three-parameter item response
theory (IRT) models were used to generate 50-item
tests for samples of 250 and 1,000 simulated examin-
ees. Item parameters were estimated using two algo-
rithms (marginal maximum likelihood estimation and
marginal Bayesian estimation) for three IRT models (the
three-parameter model, the three-parameter model
with a fixed guessing parameter, and the two-param-
eter model). Proportions of significant &chi;2s at selected
nominal &alpha; levels were compared to those from joint
maximum likelihood estimation as reported by
McLaughlin & Drasgow (1987). Type I error rates for
the three-parameter model consistently exceeded theo-
retically expected values. Results for the three-param-
eter model with a fixed guessing parameter and for the
two-parameter model were consistently lower than ex-
pected values at the a levels in this study. Index
terms: differential item functioning, item response
theory, Lord’s &chi;2.

Lord ~1~~79 1980) proposed a X2 statistic to test
for differences in item parameters for the same item
estimated in different groups under item response

theory ~t~’~~. When such differences are found, the
items are said to be functioning differentially. More
generally, an item functions differentially if the
probability of a correct response is different for
examinees at the same trait level who are from dif-
ferent groups (cf. Pine, 1977). Detection of such
items is crucial because they threaten the validity
of a test. The presence of differentially functioning
items may also seriously interfere with efforts to
equate different forms of a test.

The assumption of item parameter invariance

under IRT (Baker, 1985) provides an ideal frame-
work within which to examine differential item

functioning (D~~’). The basic building block of IRT
is the item response function (IRF). The IRF de-
scribes the functional relationship between the prob-
ability of a correct response to an item and examinee
trait level. The IRF is fully defined by its param-
eters. For example, for the three-parameter logis-
tic model (3~L~~), the item parameters include the
item discrimination parameter (a), the item diffi-
culty parameter (b), and the pseudo-guessing pa-
rameter (c); the person parameter is represented
by trait level (0). The definition of DIF can be re-
stated in terms of jus as follows:

An item is said to be functioning differen-
tially if IRFS obtained from different groups
of examinees are different.

IRFs are identical if and only if the sets of item pa-
rameters calibrated in the different groups are equal.

Berk (1992), Holland & Wainer (1993), and
Millsap & Everson (1993) reviewed classical test
theory methods and IRT methods for detecting DIF.
Using IRT, there are three primary approaches for
DIF detection (e.g., Hambleton & Swaminathan,
1985; Ironson, 1983). The first approach compares
item parameters estimated in two groups of exam-
inees (Draba, 1977; Lord, 1977, 1980). The second
approach measures the area between IRFs from two
groups of examinees (Kim & Cohen, 1991; Linn,
Levine, Hastings, & Wardrop, 1981; Raju, 1988,
1990; Rudner, 1977). The third approach assesses
the fit of an item response model to the data (Linn
& ~-~arr~isch, 19~ 19 Wright, I~~ad, ~ Draba, 1976).
The third approach also includes likelihood ratio tests
to evaluate the significance of observed differences
between item responses from two groups (Thissen,
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Note that the second step in Lord’s procedure does
not include a test of the equality of c parameters when
the 3PLM is used. If the 3PLM fits the data, then using
the 3PLM suggests that all three item parameters
should be tested simultaneously. It may be that the
c parameter was not included by Lord (1980, p. 217)
because estimates of this parameter are difficult to
obtain using JMLE (cf. Thissen & Wainer, 1982).

Extensions of the Procedure

The presence of DIF items may seriously affect
the accuracy of efforts to link metrics, thereby re-
sulting in spurious identification of DIP. Lord (1980,
p. 220) discussed a purification method intended
to reduce the potential effects of DIF items on item
parameter estimates and subsequent DIF detection:
1. Analyze the test as described above.
2. Remove all items that have significantly differ-

ent IRFs using the X~ statistic. The remaining
items now are considered a unidimensional pool,
even when the groups are combined.

3. Combine the groups and estimate Os for each in-

dividual. These Os will be comparable.
4. For each group separately, estimate the a and b

parameters while holding the Os fixed for all in-
dividuals at the values obtained in Step 3. Do
this for items, including those previously re-
moved.

5. Compare the estimated item parameters using
the ~C’‘ statistic.
One problem with the purification approach is

that it requires reestimation of item and 0 param-
eters. Candell & Drasgow (1988) reported the fol-
lowing alternative procedure, due to Segall (1983),
which is somewhat easier to implement:
1. Estimate item parameters independently in each

group.
2. Link metrics across groups.
3. Calculate DIF indexes and remove DIF items.
4. Relink group metrics using only non-Dip items.
5. Recalculate DIF indexes and remove DIF items.

Steps 4 and 5 are continued until either no DIF items
are detected or until the same set of DIF items is
identified on subsequent iterations. This iterative
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approach to linking has been found to be more ac-
curate than the non-iterative approach (Candell &
Drasgow, 1988; Cohen & Kim, 1993).

Lord (1980) indicated that the X2 statistic is (1)
asymptotic, (2) based on the assumption that 0 param-
eters are known, and (3) applicable only with maxi-
mum likelihood estimates. Note that Assumption 2
cannot be achieved in a practical testing situation.
Moreover, in a comparison of examinees based on
certain group memberships (e.g., ethnicity) the num-
ber of examinees from the focal group may not be

enough to satisfy Assumption 1.

Parameter Estimation in Lord’s Procedure

The estimation of item parameters for use in this

procedure initially was based on JMLE. Recent de-
velopments in marginal maximum likelihood
estimation (MMLE) (Bock & Aitkin, 1981) and
marginal Bayesian estimation (MBE) (Mislevy,
1986), however, appear to have overcome some of
the estimation problems of JMLE (e.g., Mislevy &
Stocking, 1989). Therefore, a major concern of the
present study was the level of Type I error control
maintained in the application of Lord’s procedure
under MMLE and MBE.

McLaughlin & Drasgow (1987) found that JMLE
of item and 0 parameters resulted in Type I error
rates that sometimes were seriously inflated over the
nominal a level. MMLE and MBE differ from JMLE
because item parameters are not estimated simulta-

neously with 0 parameters. Further, MBE, as imple-
mented in the computer program BILOG (Mislevy &
Bock, 1990), has options for use of priors on item
parameters, thereby providing Bayesian modal esti-
mates for item parameters. Bayesian estimation
methods have been found to avoid the tendency of
maximum likelihood estimates to drift beyond a rea-
sonable range of values (Mislevy, 1986). It is ex-

pected that with large sample sizes and long tests
all three parameter estimation procedures-JMLE,
MMLE, and ~I~E-~rvill produce similar item param-
eter estimates. When small samples or short tests
are used (e.g., when the number of examinees is less
than 500 or the number of items is less than 20),
however, an algorithm such as MBE is recommended
(Mislevy & Stocking, 1989). Under such condi-

tions, estimation method may play an important
role in DIF detection with Lord’s X’ statistic.

Results using MMLE and MBE for the two-param-
eter logistic model (2PLM) showed that both MMLE
and MBE provided more accurate parameter estimates
and less inflated Type I error rates for Lord’s X’ sta-
tistic (Cohen & Kim, 1993; Lim & Drasgow, 1990)
than JMLE. Results are lacking, however, for the ap-
plicability of Lord’s (1980) X2 for the 3PLM in the
context of either MMLE or MBE (Millsap & Everson,
1993). The present study addressed this concern,
replicating in part the study by McLaughlin &

Drasgow (1987) using MMLE and MBE.

Method

Data Generation

Two sample sizes were used-N = 1,000 and N=
250. 1,000 simulated examinees were selected to rep-
resent a sample size appropriate for accurate esti-
mation of item parameters for the 3PLM; 250 sim-
ulated examinees were selected to represent a sample
size that was below the usually required minimum
size of approximately 800 examinees with 20 items
for the 3PLM (cf. Lord, 1968; Mislevy & Stocking,
1989; Swaminathan & Gifford, 1983).

Both the 3PLM,

where j designates an item, and the 2PLM,

were used to generate datasets. For each of the four
combinations of N (1,000 and 250) and IRT models
(3PLM and 2~t,~t), 100 replications of a 50-item sim-
ulated test were generated using the computer pro-
gram GENIRV (Baker, 1988a). Thus, 400 datasets
were generated.

The Os were sampled from the standard normal
distribution, 9,-N(0,1), where i designates an ex-
aminee. Item parameter values used to generate the
3PLM data were taken from McLaughlin & Drasgow
(1987) in order to permit a comparison between the
results from that study and those from the present
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study. Table I shows the generating item parameters;
these values were originally reported by Lord (1968).
The same a and b parameters were used to generate
the datasets for the 2PLM.

Item Parameter Estimation

Each dataset was analyzed with two estimation
~l~&reg;rithrns-M~tEE and ~sE-usir~~ the computer
program BILOG (Mislevy & Bock, 1990). When no
priors are used in BILOG, the resulting algorithm is
MMLE. The BILOG default priors were used for MBE.
For the 3PLM and the 2PLM, the prior distribution
for the log item discrimination (log Oy) was normal
with mean 0 and standard deviation .5. For the 3PLM,
the prior distribution for cj was beta with hyper-
parameters 5 and 17.

Datasets generated with the 3PLM also were
analyzed by the 3PLM with a fixed cj parameter
(3PLM-c). The cs were fixed at .15, the average of
the c parameters, by imposing a prior distribution.
For the 3PLM-c, item parameters were estimated
under two estimation conditions: with (i.e., MBE) and
without (i.e., MMLE) the normal prior on the log ~~ s.
Altogether, 1,200 sets of parameter estimates were
obtained (i.e., 100 replications x two sample sizes x
three IRT models x two estimation methods).

Metric Transformation

50 pairs of simulated groups were formed ran-
domly from the 100 replications of each of the 12
conditions (two sample sizes x three IRT models x
two estimation methods). In each pair, one dataset
was identified as the reference group and the other
as the focal group. Item parameter estimates were

equated onto the same metric using the test charac-
teristic curve method of Stocking & Lord (1983)
as implemented in EQUATE 2.0 (Baker, 1993). The
equating coefficients, 4 and B, then were used to
place the item parameter estimates and the estimated
variance (Var) and covariance (Cov) matrices from
the focal group onto the metric &reg;f the reference group.
The following equations were used:

and

ivhere A denotes an estimate, * denotes the trans-
formed value, and the subscript F indicates that
the estimate is obtained from the focal group. Note

that for the 3PLM cJ = SF’ Only Equations 3-6
were used for the 3PLM-c and the 2PLM.

Lord’s 7,2

For each item, Lord’s ~2 statistic for the 3PLM
was obtained by

where

and

where is the estimated variance/covariance ma-
trix of vJR, and is the (transformed) estimated
variance/covariance matrix of v~*~ and R indicates
the reference group. For the 3PLM, Vj was a 3 x 1

vector, was a 3 x 3 matrix, and X2 had three
degrees of freedom. For the 3PLM-c and 2PLM, Vj
was a 2 x 1 vector, was a 2 x 2 matrix that in-
volved both aj and hj estimates, and the X2 had two
degrees of freedom.

For each of the 50 items, 50 independent X2S
were calculated. The proportion of significant X2S
was calculated at nominal a levels of .0005, .001,
.005, .01, .05, and .1. The first three steps of the
iterative linking procedure of Candell & Drasgow
(1988), described above, were used here to obtain
Type error rates.
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Table 1
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Results

Item Parameters and Lord’s ¡}

Table 1 shows the number of significant X’s for
each item. There were large numbers of signifi-
cant X2S for the 3PLM. Item 1, for example, with a
= 1.1, b~ _ -.7, and cj = .20, yielded 1 ~ significant
~Zs for the large sample (N = 1,000) MBE condi-
tion. Based on the 50 independent X’s calculated
for each item (from the 50 pairs of groups formed
randomly from the 100 replications), the expected
number of significant X2S for one item at a = .05
was 2.5; for all 50 items, the expected number was
125. The number of significant X2S observed for
this condition across replications and items was 645
or 5.16 times more than would be expected by
chance. This same pattern was present for the 3PLM
for both estimation methods at both sample sizes.
Note that MBE had a smaller total than MMLE.

Table 1 also contains the number of significant
X2s for the 3pLI~~c. For Item 1 withN= 1,000, there
was one significant X2 in the MBE condition; there
were two for the I~= 1,000, MMLE condition; one
for the IV= 250, MBE condition; and two for the N=
250, MMLE condition. Each of these was smaller
than the 2.5 expected by chance at the a = .05 level.
Likewise, the number of significant X’s observed
over all 50 items was 76 for the N = 1,000, MBE
condition and was less than expected by chance at
the a=. 05 level. All four sample size x estimation
method conditions yielded smaller numbers of sig-
nificant X’s for the 3PLM-c than expected by chance
(i.e., 125). Table 1 also contains data for the 2PLM
at the ~_ .05 level. Results for both MBE and MMLE
at each sample size yielded smaller numbers of sig-
nificant X’s than expected.

Type I Error Rates

Table 2 presents the proportion of significant
X2S for the 12 conditions. The proportion of sig-
nificant ~‘’s for MMLE was equal to or higher than
that for MBE for the three IRT models under all ex-

cept two conditions (1!l = 1,000, 3~LIVt-c, ~ _ .001 1
and .01). These proportions were always higher for
the 3PLM than for the 3PLM-c or 2PLM.

With respect to Type I errors, Table 2 also shows

Table 2

Proportion of Significant X’s for the 3PLM,
3PLM-c, and 2PLM Across All Samples and All Items

that error rates were seriously inflated for the 3PLM
for all a levels and were deflated for the 3~L1~-c
and the 2PLM. Loss of Type I error control for the
3PLM also was higher for MMLE in the l~= 1,000
than in the 1!~= 250 condition. The best control of

Type I errors was found under this condition for
both the 3PLM-c and the 2PLM. Finally, loss of Type
I error control for the 3PLM for MMLE was mark-

edly higher than forMBE at all a levels in this study.
For the 3P~IV~~c, the proportions of significant

X2s were all smaller than the respective a values.
Lord’s X2 for the 3PLM-c appears to be somewhat
conservative for the combinations analyzed in this
study. At the .01 a level, observed proportions of
significant X2s were slightly less than half of that
expected. The larger sample size showed generally
better congruence with the expected Type I error
rates, as did MMLE.

Results for the 2PLM were similar to those for

the 3PLM-c. For hl = 1,000, the obtained propor-
tions of significant X2S were only slightly smaller
than the expected rates for both MBE and MMLE.
For N = 250, the obtained proportions of signifi-
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cant X’s at the .05 and .1 a levels considered in
this study were approximately half of what would
be expected.

Relationships Among Parameters
and Significant X2s

Spearman rank-order correlations among the
item parameters and the number of significant x’‘s
are given in Tables 3, 4, and 5. The correlations
among the item parameters were the same for all
three IRT models and, therefore, are reported only
in Table 3 (correlations with the cj parameter ap-
ply only to the 3PLM).
3PZM The a parameters had a positive corre-

lation (p = .500) with the generating b parameters.
The correlation between the c parameters in the 3PLM
and the a parameters was negative (p = -.474). Simi-
larly, the correlation between the b parameters and
the c parameters in the 3PLM was negative but much
higher (p = -.847).

For the 3PLM, the correlations between Qj and
the number of significant X2S from each of the
sample size and estimation method conditions were
all negative and moderate, ranging from -.350 to
-.721 (see Table 3). Correlations between bj and
the number of significant were negative and
somewhat higher, except for the small sample MBE

condition (p = -.284, p > .05). Correlations be-
tween Cj and the number of significant X 2s were
moderate to high, ranging from .360 to .846. The
products of item parameters, aj x bj [studied by
McLaughlin & Drasgow (1987)] and bj x cj, were
negatively correlated with the number of signifi-
cant X2S; correlations were significant for all but
one of the sample size x estimation method condi-
tions (N= 250, MBE).

For ~T= 1,OOO, the number of significant X’s for
MBE and MMLE were highly positively correlated
(p =.~37). The correlation between the number of
significant X2S from MBE and MMLE for 1V = 250
was .461. Moderate to high correlations were ob-
served among the number of significant ~’‘s for all
four combinations of sample size and estimation
method, indicating consistency in identification of
the same items as DIF items.

3PLM-c. Results for the 3PLM-c are presented
in Table 4. Significant correlations between item
parameters and the number of significant X2S were
found only in the I~T= 250 MBE condition. The cor-
relation between the number of significant from
MBE and MMLE for N = 1,000 was .897; for N =
250, it was .582. The last column of Table 4 con-
tains ps between the results of this study and the
results reported by McLaughlin & Drasgow (1987)

Table 3

Spearman’s ps Among Item Parameters and the Number of Significant ?~’‘s
for the 3PLM Estimated by MBE and MMLE
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Table 4

Spearman’s ps Among Item Parameters and the
Number of Significant X’s for the 3PLM-c

Estimated by MBE and MMLE

*Significant at a = .05.
**Significant at ~c &reg; .01.

for JMLE with N = 1,000. Only one correlation was
significant between the number of significant X’s
from JMLE and the N = 250 condition for MBE and
MMLE (.333 for the i~lv~~,E); none were significant
for the l~ = 1,000 condition for MBE or MMLE. This
suggests that the results from JMLE may not be con-
sistent with those from either MBE or MMLE.

2P1,~ Correlations in Table 5 between item

Table 5

Spearman’s p Among Item Parameters and the
Number of Significant X2S for the 2PLM Estimated

by MBE and MMLE, and JMLE for N= 1,000

*Significant at a = .05.
**Significant at u. = .01.

parameters and the number of significant X2S for
the 2PLM were not significant for either MBE or
MMLE for N = 1,000. For N = 250, the correlation
between the a parameters and the number of sig-
nificant X2S for MBE (p = -.332) was significant.
The bs and a, x bJ were both negatively correlated
with the number of significant X2S in the small
sample MMLE condition. A similar result was re-
ported for the 7V= 1,000, JMLE condition by
McLaughlin & Drasgow (1987). The ps among the
number of significant X2S from the four sample size
x estimation conditions in the present study were
all significant. This indicates that MMLE and MBE
results were more similar within sample size than
between sample sizes. Correlations between the
number of significant X2 reported by h4cLaughlin
and Drasgow and the 7V= 250 results from this
study were significant. The results indicate that the
patterns of significant X2S were somewhat different
for JMLE.

Comparison of Type I Errors

Type I error rates for each estimation algorithm
are plotted in Figures la-ld for the 3PLM-c and the
2PLM for both sample sizes. In addition, results for
JMLE (i.e., 0 unknown) and for 0 level known (T-
KNOWN) reported in Table 1 of h4cLaughlin &
Drasgow (1987) are plotted, The solid line in each
figure indicates the expected number of significant
x 2s at each a level.

For the N= 1,000, 3~~,i~t-c condition (Figure la),
MBE, MMLE, and ~’-~N&reg;~T yielded similar patterns
in the proportions of significant X2S . The plots of
each of these proportions all lie below the expected
value line, indicating that these estimation meth-
ods yielded somewhat deflated Type error rates.
Among the three estimation methods, MBE consist-
ently yielded the lowest proportions of significant
x 2s whereas ‘r-~~t&reg;~1 produced Type I error rates
closest to the theoretically expected values. The
JMLE results from McLaughlin & Drasgow (1987)
yielded approximately twice the Type I error rates
than would be expected at the a levels considered.
Results for the 3PLM-c with N= 250 (Figure lb)
were similar to those for 3PLM-c with 1~7= 1,000.
MMLE yielded slightly better Type I error rates than
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Figure 1
Proportion of Significant X’s

’r~~1&reg;~1. MBE consistently yielded the lowest Type
I error rates for all a levels and JMLE had slightly
higher Type I error rates than expected by chance.

Figure Ic shows the results for the 2PLM, N =

1,000 condition. Both MBE andMMLE yielded simi-

lar patterns of Type I error rates, slightly underes-
timating the expected levels. Type I error rates for
T-KNOWN, however, were very close to rates at the
nominal a levels. JMLE yielded Type I error rates
that, in most instances, exceeded the expected lev-
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els by a factor of two or more. Results for the 2PLM,
N = 250 condition (Figure ld) were similar to those
for the 3PLM-c condition (Figure lb). MBE and MMLE
consistently yielded Type I error rates that were
approximately half that expected at all a levels.
Results for T-KNOWN appeared to be slightly better
than for MBE because they were closer to the ex-
pected rates. JMLE yielded error rates that were well
above expected levels.

Discussion

The primary purpose of this study was to exam-
ine Type I error rates for Lord’s X2 statistic under
MMLE and MBE. The MBE and MMLE procedures
implemented here were only one variation of each
procedure. In fact, depending on the settings used,
BILOG can yield a wide variety of MBE and MMLE
models. Results for the 3PLM yielded error rates that
were above those expected for the a levels used in
this study. In some cases, error rates exceeded ex-
pectations by a factor of four or more. This is a seri-
ous problem. The 3PLM IRF is a function of all three
parameters in the model. Any attempt to detect DIF in
an item, therefore, should include all three param-
eters. If the 3PLM fits the data, then there is no a priori
reason to automatically exclude one of the param-
eters from the comparison. Clearly, Lord’s X2 did not
provide useful Type I error control for the 3PLM at
either of the two sample sizes used in this study.

Type I error rates for the 3PLM-c were all smaller
than expected levels and clearly below those for the
3PLM. Based on these results, using Lord’s X’ with
the 3PLwt-c provided a better model than the 3PLM
with respect to Type I error control. In this study,
the c parameters were set to .15 for the 3PLM-c even

though the 3PLM and not the 3PLM-c was used to
generate data. In a practical testing situation, the c
parameters will not all be equal to a single value. In
such a situation, one approach would be to follow
Lord’s (1980) suggestion and calculate estimates of
the c parameters from the combined (reference and
focal) data. Fixing S in this way, the a and b pa-
rameters then can be estimated separately for the
reference and focal groups. Setting êj equal in the
reference and focal groups, of course, reduces the

test for DIF from three to two parameters.

The proportion of significant X2S for the 2PLM
were all less than the expected rates at each a level
for the four sample size x estimation method con-
ditions. Both MBE and MMLE for N = 1,000 yielded
the best results; that is, the Type I error rates were
closest to the expected numbers at the respective a
levels. For N = 250, MBE yielded consistently
smaller Type I error rates.

For all combinations of sample size and IRT
models, MBE, MMLE, and T-KNOWN generally
yielded Type I error results that were lower than
theoretical expectations. MBE consistently yielded
the lowest Type I error results, and T-KNOWN pro-
duced Type I errors closest to the theoretically ex-
pected rates. JMLE, however, consistently produced
Type I error rates that far exceeded theoretical ex-
pectations [the T-KNOWN and JMLE results were
from McLaughlin & Drasgow (1987)]. MBE and
MMLE results for the 2PLM, N = 1,000 condition

yielded the best Type I error rates.
The inflated Type I error rates that were reported

for the 3PLM and the deflated Type I error rates

reported for the 3PLM-c and 2PLM may be due to
problems in obtaining the estimated variance/co-
variance matrix. One way to examine this issue

would be to calculate empirical standard errors as
McLaughlin & Drasgow (1987) did. These then
could be compared to values obtained from theo-
retical equations for the estimated variances and
covariances of item parameter estimates under JMLE

(Lord, 1980) and under the assumption that 0 pa-
rameters are unknown but jointly estimated with
item parameters (Wingersky & Lord, 1984).

For MMLE and MBE, however, no such simple
equations are available unless the assumption of
independence of items is made (Bock, Mislevy, &
Thissen, 1991). In the absence of such equations,
it seems reasonable to suggest that the deflated Type
I error rates obtained for the 3PLM-c and 2PLM were

due to overestimated standard errors. Based on
Holland (1990), the poor performance of Lord’s X~
statistic for the 3PLM may be partially due to the
fact that cj is empirically underidentified in most
cases, which may cause inflated values for the ele-

ments of the inverse of the estimated variance/co-
variance matrices. The result is an inflated test
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statistic. Thissen & Wainer (1982) and Baker
(1988b) also have noted similar problems for small
samples in estimating the variance/covariance
matrices used in Lord’s X2 , especially for the 3PLM.
When actual test data are used, linking metrics

in the context of detection of potential DIF requires
attention to issues that can be controlled in simu-
lations. Some of these issues using real data are:
(1) the question of fit of an IRT model to the test
data needs to be addressed, (2) differences between
the 0 distributions of the reference and focal groups

may be present, and (3) the presence of mF items
may require some method such as iterative linking
of metrics to improve the linking transformation
and subsequent DIF detection (Candell & Drasgow,
1988). Lord’s X’ is an asymptotic statistic and con-
sequently requires large sample sizes. Results from
this study support this: The larger sample size (1V
= 1,000) yielded better Type I error rates for both
the 3PLM-c and the 2PLM. In addition, Lord’s X’ is
applicable to only maximum likelihood estimates.
This also is in agreement with results from the

present study as Type I error rates for item param-
eter estimates using MMLE were closer to theoreti-
cal expectation. The differences, however, between
MBE and MMLE were generally minor.

Lord’s X’ is flexible because it can be applied to
situations in which multiple groups are tested for
DIF simultaneously. It also can be applied easily to
DIF detection with graded response and other IRT
models. Type I error rates with these other models
also should be investigated. Lord’s X’ method also
should be compared with the likelihood ratio test
(Thissen et al., 1988, 1993), because the likelihood
ratio test does not rely directly on the estimation of
variance/covariance matrices. Finally, the statisti-
cal power of Lord’s X2 statistic is also an important
issue that was not addressed here. The issue has
been studied for the 2PLM, however, by Cohen &
Kim (1993) and Lim & Drasgow (1990).
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