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A new item parameter replication method is proposed for assessing the statistical
significance of the noncompensatory differential item functioning (NCDIF) index
associated with the differential functioning of items and tests framework. In this new
method, a cutoff score for each item is determined by obtaining a (1 − α) percentile
rank score from a frequency distribution of NCDIF values under the no-DIF condi-
tion by generating a large number of item parameters based on the item parameter
estimates and their variance-covariance structures from a computer program such
as BIILOG-MG3. This cutoff for each item can be used as the basis for determining
whether a given NCDIF index is significantly different from zero. This new method
has definite advantages over the current method and yields cutoff values that are
tailored to a particular data set and a particular item. A Monte Carlo assessment of
this new method is presented and discussed.

Currently, there are several procedures for assessing differential item functioning
(DIF). Some of these procedures are based on item response theory (IRT), while oth-
ers are non-IRT based. Examples of IRT-based procedures include Lord’s χ2 (Cohen,
Kim, & Baker, 1993; Lord, 1980), the likelihood ratio test (Thissen, Steinberg, &
Wainer, 1988), area measures (Cohen et al., 1993; Kim & Cohen, 1991; Raju, 1988,
1990), Muraki’s methods for polytomous items (Muraki, 1999), and the methods
based on the differential functioning of items and tests (DFIT) framework (Flowers,
Oshima, & Raju, 1999; Oshima, Raju, & Flowers, 1997; Raju, van der Linden, &
Fleer, 1995).

The DFIT framework has several advantages over other methods. First, it can be
applied to multidimensional as well as unidimensional data with either dichotomous
or polytomous scoring. Second, it can be applied at the test level to identify dif-
ferential test functioning (DTF) as well as at the item level to identify DIF. Third,
it offers two kinds of DIF indices, noncompensatory differential item functioning
(NCDIF) and compensatory differential item functioning (CDIF). NCDIF assumes
that all other items in the test except the studied item contain no DIF. NCDIF appears
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to be similar to most of the other IRT-based DIF indices because other indices also
hold the same assumption. On the other hand, CDIF is rather unique since CDIF
values add up to the total DTF, enabling the practitioners to examine the net effect of
deleting one or more items from the test.

Although the DFIT framework has shown to be an effective mechanism for detect-
ing DIF and DTF in IRT-based tests/questionnaires in several studies (e.g., Flowers
et al., 1999; Oshima et al., 1997; Raju et al., 1995), these studies also have pointed
out a need for better procedures for assessing the statistical significance of the DIF
and DTF indices. Although significance tests based on the χ2 distribution have been
introduced by Raju et al. (1995), researchers pointed out that the χ2 tests for DTF
and NCDIF were overly sensitive for large sample sizes. They then recommended a
cutoff value of .006 for dichotomously scored items based on Fleer’s (1993) Monte
Carlo study where the cutoff value of .006 resulted in falsely identifying approxi-
mately 1% of the items as having significant DIF under the no-DIF condition. In
a similar fashion, Bolt (2002) and Flowers et al. (1999) generated their own cut-
offs for examining the Type I error rates and power rates of several DIF procedures
(including the DFIT framework) in the polytomous case. These cutoffs for assess-
ing dichotomous and polytomous DIF appeared to have worked well in the Monte
Carlo investigations by Bolt, Flowers et al., and Raju et al., but they are probably
not generalizable to other dichotomous and polytomous (with the same or different
numbers of response categories) items and sample sizes. In fact, in the dichotomous
case, Chamblee (1998) has shown that factors such as the sample size and the type
of IRT model can influence the cutoff value. In her Monte Carlo study, she obtained
the empirical distributions of NCDIF indices under the no-DIF condition varying the
sample size and the type of IRT model (one-parameter (1PL), two-parameter (2PL),
and three-parameter (3PL) IRT models). The cutoff values ranged from .003 to .018
with a higher value for a smaller sample size and a higher value for an IRT model
with more parameters. This is probably true for the polytomous case as well.

The χ2 test proposed by Raju et al. (1995) does not appear to be all that useful in
identifying significant DIF with acceptable type I error rates and power rates. It is
possible in Monte Carlo investigations to come up with cutoff values with desirable
statistical characteristics, as Bolt (2002), Flowers et al. (1999), and Raju et al. (1995)
did, but it is not a technique that is readily accessible to typical practitioners. Most
practitioners would neither have the technical knowledge nor the time to develop
cutoffs for use with their particular data sets. Therefore, one of the purposes of this
investigation is to describe a procedure for deriving study-based cutoffs for use by
practitioners in assessing DIF (within the DFIT framework) in dichotomously scored
items. The other purpose is to illustrate this new procedure and to evaluate its efficacy
in a Monte Carlo investigation. The CDIF, NCDIF, and DTF indices in the DFIT
framework are briefly described next, followed by a detailed presentation of the new
significance test for the NCDIF index.

Indices in the DFIT Framework

According to Raju et al. (1995), the NCDIF index for an item i is defined as

NCDIFi = EF[PiF(θ ) − PiR(θ )]2 = EF
(
d2

i

) = σ 2
di

+ µ2
di

, (1)
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where PiF(θ ) is the probability of a correct response at a given θ using the item
parameter estimates from the focal group and PiR(θ ) is the probability of a correct
response at the same given θ using the item parameter estimates from the reference
group. The expectation (E) is taken over the focal group, and σ and µ refer to the
standard deviation and mean, respectively. The di in the above equation is the differ-
ence in probability scores on item i for the same examinee, first treated as a member
of the focal group and then treated as a member of the reference group. At the test
or scale level (with n items), a similar difference in true scores (D) for an examinee
may be expressed as

D =
n∑

i=1

di . (2)

Using this difference at the test/scale level, Raju et al. define DTF as

DTF = EF(D2) = σ 2
D + µ2

D. (3)

Furthermore, the DTF index can also be written as

DTF =
n∑

i=1

CDIFi . (4)

The CDIF index for a given item can be expressed as

CDIFi = EF(Ddi ) = Cov(D, di ) + µDµdi , (5)

where Cov stands for covariance. Additional information about the CDIF, NCDIF,
and DTF indices can be found in Flowers et al. (1999), Oshima et al. (1997), and
Raju et al. (1995).

Unlike other IRT-based DIF indices such as the area measure (Raju, 1988), NCDIF
is a “weighted” measure of the squared difference between the two-item response
functions. The typical process of DFIT involves separate calibrations of item pa-
rameters for the focal and reference groups, equating of those two sets of item
parameters (i.e., the item parameter estimates from the reference group are put on
the scale of those from the focal group), and finally the calculation of the DFIT
indices.

The Item Parameter Replication Method for Determining Cutoff Values

When researchers (such as Bolt, 2002; Flowers et al., 1999; Raju et al., 1995)
derive a cutoff score for the NCDIF index, a typical procedure has been to simulate
data sets using a large number of items similar to their data set (focal and reference
groups with no DIF), and to go through the whole DFIT framework including item
parameter calibration, linking, and finally the DFIT analysis. An alternative and more
labor-intensive approach is to repeat the whole process many times with the same test
length as the original data set to obtain a large number of NCDIF values under the
no-DIF condition. Chamblee (1998), for example, replicated this process 100 times.
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Then, the NCDIF index associated with the 99th (or any other) percentile rank from
the distribution of all NCDIF values is defined as the cutoff score. This approach
typically produces one cutoff value for all items.

The new method introduced here, the item parameter replication (IPR) method,
differs from the methods described above in several aspects. First, a large number
of replications of item parameters are generated from the initial set of item param-
eter estimates obtained from a computer program such as BILOG-MG3 (Zimowski,
Muraki, Mislevy, & Bock, 2002), thus eliminating the need for extra calibrations of
item parameters, which is one of the most time-consuming aspects of the methods
mentioned above. Second, the distribution of NCDIF indices is obtained for each
item, making it possible to generate a cutoff value for each item. Finally, it offers a
computer program so that the only task that practitioners have to do is to provide esti-
mates of item parameters and their variances and covariances, along with the ability
estimates, from a computer program like BILOG-MG3 for the focal group (or the
reference group), which they currently need to do for the DFIT analysis anyway. The
algorithmic details of this new method are described below.

Algorithm of the IPR Method

The IPR method begins with estimates of item parameters and their variances and
covariances obtained from an IRT calibration program. These estimates for each item
will form the basis for generating additional item parameters for that item with the
restriction that the expectation of the newly generated item parameters equals the
initial estimates of item parameters with the same variance and covariance structure.
Since the IPR method is the same for all items in a test, it will only be described here
for a single item (i). The nine major steps involved in the IPR method are as follows.

1. Let the item parameter estimates from the focal group be denoted by a column
vector, Mi, for item i. In the case of the 3PL model, Mi will consist of three
elements (bi, ai, and ci item parameters) as shown below:

Mi =




bi

ai

ci


 . (6)

In the case of the 1PL or the Rasch model, Mi will be a scalar with an estimate
of the b parameter. Associated with each item is a matrix, Vi, consisting of the
sampling variances and covariances of the item parameter estimates:

Vi =




σ 2
bi

σbi ai σbi ci

σai bi σ 2
ai

σai ci

σci bi σci ai σ 2
ci


 . (7)

The information in Vi is also typically provided by the commercially avail-
able IRT calibration programs. Let Ri represent the correlation matrix for the
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item parameters of item i. These item parameter intercorrelations can be derived
from Vi:

Ri =




1 ρbi ai ρbi ci

ρai bi 1 ρai ci

ρci bi ρci ai 1


 . (8)

Assuming that Ri is positive definite, it can be expressed as the product of a
triangular matrix (Ti) and its transpose (T ′

i) (Graybill, 1969), that is,

Ri = T ′
i Ti . (9)

In the present context, Ti can be expressed as

Ti =




1 ρbi ai ρbi ci

0
√

1 − ρ2
bi ai

ρai ci − ρbi ai ρbi ci√
1 − ρ2

bi ai

0 0

√√√√1 −
[
ρ2

bi ci
+

(
ρai ci − ρbi ai ρbi ci

)2(
1 − ρ2

bi ai

)
]




. (10)

For the 2PL model, the above matrix reduces to

Ti =

1 ρbi ai

0
√

1 − ρ2
bi ai


 . (11)

For the Rasch model, Ti becomes a scalar with a unit as its value.
2. Let k represent the IRT model under consideration. For the Rasch model, k = 1,

for 2PL, k = 2, and for 3PL, k = 3. Now, let X1i represent a column vector
of k elements, with each element drawn at random from one of k indepen-
dent, standardized (mean of 0 and standard deviation of 1), and normally dis-
tributed populations. Let X2i represent a second vector of k elements similarly
drawn.

3. Using the Ti matrix in Equation (9), transform the two X vectors into two Z
(column) vectors as follows:

Z1i = T ′
i X1i , (12)

Z2i = T ′
i X2i . (13)

Each Z vector now represents a random element from a k-dimensional stan-
dardized multivariate normal distribution with a correlation structure for the k
dimensions conforming to the correlation structure in the Ri matrix.
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4. By definition, each element in the Z vectors is standardized in that its expecta-
tion and variance are 0 and 1, respectively. Each Z vector is now transformed to
a Y vector so that the elements in the new vector will have the appropriate mean
and variance as shown in the Mi and Vi matrices above. To achieve this transfor-
mation, let Di represent a diagonal matrix consisting of the diagonal elements
(variances) in Vi. Now, let

Y1i = D1/2
i Z1i + Mi , (14)

Y2i = D1/2
i Z2i + Mi . (15)

5. Vectors Y 1i and Y 2i represent two estimates of item parameters from two pop-
ulations with identical item parameters; these vectors may be thought as repre-
senting item parameter estimates for the focal and reference groups when the
true DIF is zero. That is, any difference in these two sets of estimates is sim-
ply due to sampling error. Therefore, an NCDIF index for item i can be obtained
with the help of the two Y vectors and the estimates of thetas for the focal group,
using the computations spelled out in Raju et al. (1995).

6. Steps 1–5 can be replicated as many times as one wishes (e.g., 100, 1,000, . . . ,
or 10,000 times).

7. NCDIF values from all replications obtained in Step 6 will be rank ordered and
the 90th, 95th, 99th, and 99.9th percentile rank scores are recorded to establish
the cutoff values for alpha levels at .10, .05, .01, and .001, respectively.

8. Once the alpha level is chosen, the cutoff associated with it will be used as the
cutoff for assessing statistical significance of the initial NCDIF value obtained
for item i.

9. Steps 1–8 are repeated for all items in the test, thus potentially resulting in
different cutoffs for different items.

Figure 1 displays the above-described algorithm graphically. A SAS-IML program
named “DIFCUT” (Nanda, Oshima, & Gagne, in press) is available to execute the
above algorithm. This program can be used with the 1PL, 2PL, and 3PL unidimen-
sional models with dichotomous scoring. In the next section, the performance of this
new method will be demonstrated.

Method

Item Parameter and Data Generation

The specific item parameters used for simulating the 20- and 40-item tests are
shown in Table 1. These prespecified (40) a and b item parameters are identical to
those used in a study by Raju et al. (1995). Raju et al. did not have the 20-item condi-
tion, but it was added for this study to demonstrate the effect of the number of items
(n) on the IPR-based cutoff values. The item parameters for the 20-item test were
a subset of the item parameters for the 40-item test. As shown in Table 1, the item
parameters associated with the odd-numbered items formed the basis for the 20-item
test. For convenience, items in the 20-item test were assigned their own identifying
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FIGURE 1. A graphic representation of the IPR algorithm.

numbers, as shown in column 2 of Table 1. In Raju et al.’s study, a 2PL model was
used to generate the data sets. In this study, 1PL and 3PL models were also added
to demonstrate the effect of the IRT model type on the IPR-based cutoff values. For
the 1PL model, only the b parameters from Table 1 were used. For the 3PL model,
a constant of .20 was used as the c parameter. The same data generation method
was used as described in Raju et al. In addition to two sample-size combinations used
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TABLE 1
Item Parameters for the 40-Item Test and the 20-Item Test

Item Reference Focal (10%) Focal (20%)

40 20 a b a b a b

1 1 .55 .00
2 .55 .00
3 2 .73 −1.04
4 .73 −1.04
5 3 .73 .00 .73 1.00 .73 1.00
6 .73 .00
7 4 .73 .00
8 .73 .00
9 5 .73 1.04

10 .73 1.04 .73 1.54 .73 1.54
11 6 1.00 −1.96
12 1.00 −1.96
13 7 1.00 −1.04
14 1.00 −1.04
15 8 1.00 −1.04 1.00 −.04 .50 −.54
16 1.00 −1.04
17 9 1.00 .00
18 1.00 .00
19 10 1.00 .00
20 1.00 .00 1.00 .50 .50 .00
21 11 1.00 .00
22 1.00 .00
23 12 1.00 .00
24 1.00 .00
25 13 1.00 1.04 1.00 2.04
26 1.00 1.04
27 14 1.00 1.04
28 1.00 1.04
29 15 1.00 1.96
30 1.00 1.96 1.00 2.46
31 16 1.36 −1.04
32 1.36 −1.04
33 17 1.36 .00
34 1.36 .00
35 18 1.36 .00 .86 .50
36 1.36 .00
37 19 1.36 1.04
38 1.36 1.04
39 20 1.80 .00
40 1.80 .00 1.30 .00

in Raju et al. (N = 500:500, N = 1,000:1,000), where the first number indicates the
number of examinees in the focal group and the second number indicates the number
of examinees in the reference group, one more combination (N = 500:1,000) was
added for this study.
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DIF Levels

Three different DIF levels were investigated: No (0%) DIF, 10% DIF, and 20%
DIF. In the 0% DIF condition, all item parameters were assumed to be the same
for both the reference and focal groups. That is, the a and b item parameters given
in columns 3 and 4, respectively, of Table 1 were used with the reference group as
well as with the focal group. In the 10% DIF level, two items (items 3 and 8) in the
20-item test and four items (items 5, 10, 15, and 20) in the 40-item test had different
item parameters in the focal group, indicating DIF, as shown in columns 5 and 6 of
Table 1. It should be noted that items 3 and 8 in the 20-item test were identical to
items 5 and 15, respectively, in the 40-item test. All four items in this level reflected
uniform DIF, that is, only the b parameters were different between the reference and
focal groups. In all four cases, the b parameters for the focal group were higher than
those for the reference group, that is, these four items were more difficult for the
focal group. In both tests, the remaining items were assumed to have the same item
parameters for the reference and focal groups.

At the 20% DIF level, items 3, 8, 13, and 18 in the 20-item test and items 5, 10,
15, 20, 25, 30, 35, and 40 in the 40-item test had different item parameters for the
focal group, as shown in columns 7 and 8 of Table 1. There were both uniform DIF
and nonuniform DIF items at this level; items 8 and 18 exhibited nonuniform DIF in
the 20-item test, whereas items 15, 20, 35, and 40 reflected nonuniform DIF in the
40-item test. As before, the focal group item parameters for the other (non-DIF) items
were identical to those of the reference group item parameters. It should be noted
that, due to the process of creating the 20-item test from the 40-item test by choosing
the odd-numbered items, the 40-item test contained items with smaller amounts of
DIF than the 20-item test. For example, among the four DIF items in the 40-item
test (10% DIF), item 5 had a larger amount of DIF (b difference of 1) than item 10
(b difference of .5), and item 15 (b difference of 1) had a larger amount of DIF than
item 20 (b difference of .5). Items 5 and 15 (renamed as items 3 and 8 for the 20-item
test) were used for the two DIF items for the 20-item test (10% DIF). Similarly, four
of the eight DIF items in the 40-item test were used for the 20-item test for the 20%
DIF condition. Those four items (items 5, 15, 25, and 35) had larger amounts of DIF
than the four items not used (items 10, 20, 30, and 40).

Impact

Two different ability distributions were considered: identical ability distributions
for the focal and reference groups and different ability distributions for the focal and
reference groups. In the first case, the focal- and reference-group θ distributions were
assumed to be normal with a mean of zero and a standard deviation of one. In the
second case, the focal group had a lower theta mean (by .5) than the reference group,
which is commonly known as impact.

Determining the Number of Replications in DIFCUT

Prior to applying the new IPR algorithm for determining cutoff scores, the num-
ber of replications needed to achieve stable cutoff scores had to be determined. Using
one condition (n = 40, N = 1,000, DIF = 10%), cutoff scores were obtained over
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various replication sizes (100–1,000 by an increment of 100) to determine the min-
imum number of replications. In addition, cutoff scores were obtained with 10,000
replications as approximations to the population values. These cutoff data were used
to come up with a number for a minimum number of replications needed for reliable
estimation of item-level cutoffs for use in this investigation. Although a larger repli-
cation size is desirable (such as 10,000), given today’s typical computer speed (about
1 minute and 36 seconds per 100 replications using a machine with Pentium 4, 1G
RAM), a practical compromise had to be made.

Procedures

As described above, the current investigation included two test lengths (n = 20
items and n = 40 items), three sample-size combinations (N = 500:500, N =
1,000:1,000, and N = 500:1,000), three different levels of DIF (0%, 10%, and
20%), three IRT models (1PL, 2PL, and 3PL), and two ability distribution combi-
nations (no-impact and impact). This completely crossed design resulted in a total of
108 (2 × 3 × 3 × 3 × 2) conditions. However, the 20% DIF condition was not con-
sidered for the 1PL model, since nonuniform DIF items were included in the 20%
condition. Thus, the final total was 96 (108 − 12) conditions.

For each condition, each pair of generated 1–0 data sets (one for the focal group
and another for the reference group) was calibrated with BILOG-MG3. For the 3PL
model, the c parameter was constrained at .20. BILOG-MG3 is an extension of
BILOG and is designed for a multiple-group analysis as well as a single-group analy-
sis. A conventional single-group IRT analysis was used for each group. While it may
be possible to conduct a concurrent multiple-group IRT analysis with BILOG-MG3,
the method of separate IRT calibrations was employed here because some investi-
gators may use an older version of BILOG or an IRT calibration program without
the concurrent calibration option. In the case of a concurrent calibration, the equat-
ing step described next would not be required. Second, item parameter estimates
from the two groups were put on the same scale using the IPLINK program (Lee &
Oshima, 1996). Third, using the item parameter estimates from the focal group, cut-
off values were determined using the DIFCUT program. Fourth, DIFCUT calculated
the NCDIF values for the pair of original data sets (reference and focal groups), and
identified items with NCDIF values larger than the cutoff values. Fifth, using only
the items deemed DIF-free by the fourth step, second-stage linking coefficients were
obtained from IPLINK. Finally, using the linking coefficients from the second-stage
linking, NCDIF values were calculated for all items and DIF was determined using
the cutoff values obtained in the third step above. This process is identical to the tra-
ditional DFIT analysis except the third step. In this investigation, a significance level
of .01 was used.

Results

Reported in Figures 2 and 3 are results from the investigation as to how many
replications are necessary as a minimum to determine the cutoff values. A graph
similar to Figure 2 was plotted for each of the 40 items. Due to space limitation, only
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FIGURE 2. The .01 cutoff value produced by each number of replications for
item 5.
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FIGURE 3. RMSE across all items by each number of replications.

the graph for item 5 is presented here as an example. The horizontal line (parallel to
the x-axis) in Figure 2 represents a cutoff of .0035 based on 10,000 replications. The
cutoff values from other sets of replications (100, 200, . . . , 1,000) are plotted against
the cutoff of .0035 (based on 10,000 replications) in Figure 2. Although there were
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some variations over items, generally it appeared that after 500–600 replications, the
cutoff values did not change much and also stayed close to the value from 10,000
replications. To summarize numerically across all the items, root mean square er-
ror (RMSE) was calculated over items for each level of replications. Here, RMSE
was defined as the square root of the average squared difference between the cutoff
value from each level of replications and the cutoff value from the 10,000 replica-
tions. By a visual inspection, it appeared that the RMSE decreased rapidly up to 600
replications, and the decrease seemed rather small after 600 replications as seen in
Figure 3. The cutoff values obtained from 1,000 replications were used in the current
investigation.

Table 2 shows the number of false positives (FPs; identifying non-DIF items as
having significant DIF) and false negatives (FNs; identifying DIF items as having no
DIF) for the 48 conditions with no impact. This table was made similar to Table 1
presented in Raju et al. (1995) for ease of comparison. Also reported in Table 2 in the
parentheses are the overall-cutoff values for each condition under the new method.
The overall-cutoff value for a given condition is the 99th percentile rank score for
all NCDIF values from 1,000 replications across all items within a test. Although a
separate cutoff score was determined for each item, the overall cutoff value offers
a summary statistic across items, providing a feel for the magnitude of the cutoff

TABLE 2
False Positive (FP) and False Negative (FN) for the No-Impact Conditions

N = 500:500 N = 1,000:1,000 N = 500:1,000

1PL 2PL 3PL 1PL 2PL 3PL 1PL 2PL 3PL

(a) Test length = 20 items
0% (.0054)a (.0074) (.0100) (.0027) (.0036) (.0050) (.0054) (.0074) (.0100)
FP 1 0 0 0 0 0 0 0 0
FN 0 0 0 0 0 0 0 0 0
10% (.0054) (.0073) (.0098) (.0027) (.0036) (.0050) (.0054) (.0073) (.0098)
FP 1 0 0 1 0 1 0 0 0
FN 0 0 0 0 0 0 0 0 0
20% (NA) (.0075) (.0118) (NA) (.0037) (.0054) (NA) (.0075) (.0118)
FP NA 0 0 NA 0 0 NA 0 0
FN NA 0 1 NA 0 0 NA 0 1

(b) Test length = 40 items
0% (.0052)a (.0068) (.0088) (.0026) (.0034) (.0042) (.0052) (.0068) (.0088)
FP 0 0 2 0 0 0 0 0 0
FN 0 0 0 0 0 0 0 0 0
10% (.0051) (.0068) (.0089) (.0026) (.0033) (.0043) (.0051) (.0068) (.0089)
FP 0 0 0 0 0 0 1 0 0
FN 0 0 1 0 0 0 0 0 1
20% (NA) (.0071) (.0095) (NA) (.0035) (.0044) (NA) (.0071) (.0095)
FP NA 0 2 NA 0 0 NA 0 0
FN NA 2 4 NA 2 2 NA 2 5
aThe overall-cutoff value is the 99th percentile rank score for all NCDIF values from 1,000 replications
across all items in a given condition.
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values across conditions.
A few observations can be made from Table 2. First, the new method seemed to

work quite well in terms of the numbers of the FPs and FNs except for the 20% DIF
condition with the 3PL model for the 40-item test. The relatively poor performance
of this particular condition (with respect to FNs) can be due to a combination of
several factors: the smaller magnitude of DIF embedded in the 20% condition for
the 40-items test, the potentially poor parameter estimation due to small sample size
(N = 500) for the 3PL model, and the way the c parameters were simulated and
estimated. The last two factors may have contributed to the inflation of the cutoff
values for the 3PL conditions, thus leading to higher FN rates. Additional research
is certainly needed to better understand the FN rates for the 3PL model.

Second, the overall cutoff values varied from .0026 to .0118. The effects of the
sample size and the type of IRT models were evident. The smaller sample size re-
sulted in higher cutoff values. The more parameters in the IRT model resulted in
higher cutoff values. These results coincide with Chamblee’s (1998) results, and in-
dicate that her replication method and the IPR method produce similar results. In
addition, the shorter test length had slightly higher cutoff values.

Reported in Table 3 are the results from the impact condition. Overall, the number
of FPs and FNs tended to be slightly more for some of the conditions than those

TABLE 3
False Positive (FP) and False Negative (FN) for the Impact Conditions

N = 500:500 N = 1,000:1,000 N = 500:1,000

1PL 2PL 3PL 1PL 2PL 3PL 1PL 2PL 3PL

(a) Test length = 20 items
0% (.0053)a (.0074) (.0129) (.0027) (.0037) (.0060) (.0053) (.0074) (.0129)
FP 1 0 0 0 1 0 0 0 0
FN 0 0 0 0 0 0 0 0 0
10% (.0053) (.0073) (.0110) (.0026) (.0037) (.0061) (.0053) (.0073) (.0110)
FP 0 0 0 0 1 1 0 0 0
FN 0 0 0 0 0 0 0 0 0
20% (NA) (.0075) (.0153) (NA) (.0037) (.0067) (NA) (.0075) (.0153)
FP NA 0 0 NA 0 0 NA 0 0
FN NA 0 2 NA 0 1 NA 0 2

(b) Test length = 40 items
0% (.0050)a (.0068) (.0107) (.0026) (.0033) (.0046) (.0050) (.0068) (.0107)
FP 0 1 1 0 1 1 0 0 0
FN 0 0 0 0 0 0 0 0 0
10% (.0050) (.0069) (.0104) (.0025) (.0034) (.0047) (.0050) (.0069) (.0104)
FP 1 0 0 0 0 0 1 0 0
FN 0 1 1 0 0 0 0 1 1
20% (NA) (.0072) (.0138) (NA) (.0034) (.0051) (NA) (.0072) (.0138)
FP NA 0 2 NA 0 0 NA 0 0
FN NA 2 5 NA 2 4 NA 3 6
aThe overall-cutoff value is the 99th percentile rank score for all NCDIF values from 1,000 replications
across all items in a given condition.
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FIGURE 4. A graphic presentation of the new cutoff method (the IPR method) and the old
cutoff method (the .006 method) for NCDIF with n = 40, N = 1,000, and 10% DIF.

shown in Table 2. The cutoff values for the 1PL and 2PL models were comparable
between the no-impact and impact conditions. However, the cutoff values for the 3PL
model were larger, which may have contributed to the higher number of FNs.

To further investigate the case where the new and old methods make a difference,
an additional condition was created with less magnitude of DIF for one 2PL con-
dition (n = 40, N = 1,000, 10% DIF). The magnitude of DIF was cut in half for
all four DIF items. The b parameters for the focal group were .50, 1.29, −.54, and
.25 for items 5, 10, 15, and 20, respectively. With an overall cutoff value of .0033
for the new method, the old method (with the cutoff value of .006) missed one DIF
item (item 10). The new method picked all the DIF items while keeping the FP rate
to zero. Figure 4 shows graphically the difference between the new and old cutoff
values for this condition (after the first-stage linking). The straight line at .006 is the
cutoff line for the old method. The zigzag line below it indicates the varying cutoff
values based on the new method. The dots indicate the calculated NCDIF values. In
the old method, the cutoff value always stays at .006 over items across IRT models
and sample sizes. In the new method, the cutoff values could vary from item to item
(as shown by the zigzag line) and furthermore, as shown in Tables 2 and 3, the over-
all cutoff values could vary from 1PL to 2PL to 3PL and also from one sample size
to the next.

Discussion

A new method to determine the cutoff values for NCDIF in the DFIT framework
was introduced in this article. Under the conditions examined in the study, this new
cutoff method, based on the IPR concept, controlled the FN and FP rates reason-
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ably well. Furthermore, the new method appeared to be robust against factors that
contribute to differences in the standard errors across groups (such as differences in
ability distributions and sample size’s). The new method offers several theoretical
advantages over the old method where a fixed value of .006 was used as the cut-
off score for dichotomous items. First, it is tailored to a particular data set a user
presents. For example, a data set with smaller sample size would receive higher cut-
off values, and a data set calibrated with an IRT model with more parameters to
estimate (e.g., the 3PL model) would receive higher cutoff values. In general, the
larger the item parameter estimate standard errors are, the larger the cutoff values
are. In other words, other unknown factors that may influence the standard errors of
item parameter estimates are taken into account with the new method. Other possible
factors influencing the standard error include the fit of the IRT model to the data and
the difficulty level of the test. Second, this new method produces the cutoff score for
each item. This again is an advantage over the old method, since the standard errors
of item parameter estimates may differ from item to item.

This new method also has an advantage over other simulation methods de-
signed for empirically deriving cutoff scores. This new method bypasses the time-
consuming repeated calibrations of item parameters. A computer program, DIFCUT
(Nanda et al., in press), is available and the labor required for the user is minimal.
The DIFCUT program provides not only the cutoff values but also compares the
cutoff values to the calculated NCDIF values and flags the DIF items.

The current IPR algorithm is based on replicating (or cloning) a single file that
contains item parameter estimates and their variance-covariance information. For
this study we used a file from the focal group. Anonymous reviewers made an in-
sightful suggestion of making use of the variance-covariance (or just the variance)
information from the reference group as well as that from the focal group, while
using the item parameter estimates from the focal group only. The alternative algo-
rithms were speculated to work better when the sample size differs between the focal
and reference groups. We applied these alternative algorithms to the N = 500:1,000
conditions. Under the conditions we examined, however, the alternative methods did
not always outperform the current IPR method. The alternative methods had slightly
lower FN rates with slightly higher FP rates. Although it is only a speculation, the
reason as to why the alternative methods did not improve the original method could
be related to how one defines the null condition (i.e., the no-DIF condition). With
the original method, two sets of simulated item parameters came from identical
distributions based on the focal group only. For the alternative methods, the strict
null condition was relaxed to accommodate the reference group variance-covariance
information, and it is not clear what impact these varying distributions would
bring.

In the general IPR framework, item-level cutoffs for NCDIF indices can be ob-
tained either with the sampling (error) variances and covariances and θ estimates
from the focal group or with the sampling (error) variances and covariances and θ

estimates from the reference group; the cutoffs can even be obtained with the sam-
pling (error) variances and covariances and θ estimates from the combined (focal
plus reference) sample. Based on the results from this study as well as that from
Chamblee (1998), these different sets of cutoffs could be different because of the

15



Oshima, Raju, and Nanda

differences in sample sizes for the focal and reference groups. Other things being
equal, larger samples will result in smaller sampling errors and hence lower cutoff
values. The question of which of these sets of cutoffs offers a better mechanism for
accurately identifying DIF is an empirical one. The current investigation only briefly
touched on this issue, and there is definitely a need for additional research on this
question. Meanwhile, we recommend that practitioners eyeball the standard errors
for substantial differences across groups when performing their analysis.

The current investigation did not extend the IPR method to generate cutoff values
for the DTF index. This extension is currently under way. Also under consideration
is the extension of the IPR method to polytomously scored items. We hope to work
on these and other extensions in the near future.

The only probable drawback of this new method is the computer time. However,
by keeping the number of replications to 1,000, the computer run time is manageable
at the current time. With a rapid improvement of computer technology, this problem
should soon dissipate. With a faster computer, the user can increase the number of
replications, if desired.

Note
Portions of this manuscript were presented at the 2005 International Meeting of the Psy-

chometric Society in Tilburg, the Netherlands. The authors would like to express their appre-
ciation to Terry Ackerman for presenting this research in Tilburg since none of the authors
could make it to the 2005 International meeting. The authors are very grateful to three anony-
mous reviewers and the Editor for their many helpful comments on an earlier version of this
manuscript.
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