
 http://apm.sagepub.com/
Applied Psychological Measurement

 http://apm.sagepub.com/content/33/2/133
The online version of this article can be found at:

 
DOI: 10.1177/0146621608319514

 2009 33: 133Applied Psychological Measurement
T.C. Oshima

Nambury S. Raju, Kristen A. Fortmann-Johnson, Wonsuk Kim, Scott B. Morris, Michael L. Nering and
Polytomous DFIT Framework

The Item Parameter Replication Method for Detecting Differential Functioning in the
 
 

Published by:

 http://www.sagepublications.com

 can be found at:Applied Psychological MeasurementAdditional services and information for 
 
 
 
 

 
 http://apm.sagepub.com/cgi/alertsEmail Alerts: 

 

 http://apm.sagepub.com/subscriptionsSubscriptions:  

 http://www.sagepub.com/journalsReprints.navReprints: 
 

 http://www.sagepub.com/journalsPermissions.navPermissions: 
 

 http://apm.sagepub.com/content/33/2/133.refs.htmlCitations: 
 

 at GEORGIA STATE UNIVERSITY on April 18, 2011apm.sagepub.comDownloaded from 

http://apm.sagepub.com/
http://apm.sagepub.com/content/33/2/133
http://www.sagepublications.com
http://apm.sagepub.com/cgi/alerts
http://apm.sagepub.com/subscriptions
http://www.sagepub.com/journalsReprints.nav
http://www.sagepub.com/journalsPermissions.nav
http://apm.sagepub.com/content/33/2/133.refs.html
http://apm.sagepub.com/


The Item Parameter Replication Method

for Detecting Differential Functioning

in the Polytomous DFIT Framework

Nambury S. Raju and Kristen A. Fortmann-Johnson, Illinois Institute of

Technology

Wonsuk Kim, Measured Progress

Scott B. Morris, Illinois Institute of Technology

Michael L. Nering, Measured Progress

T. C. Oshima, Georgia State University

The recent study of Oshima, Raju, and Nanda

proposes the item parameter replication (IPR)

method for assessing statistical significance of the

noncompensatory differential item functioning

(NCDIF) index within the differential functioning

of items and tests (DFIT) framework. Previous

Monte Carlo simulations have found that the

appropriate cutoff values for determining statistical

significance of NCDIF depend on sample size and

the item response theory (IRT) model used for the

analysis. The IPR method simplifies the process of

identifying cutoff values that are tailored to

a particular research setting. This approach has

been shown to be effective for detecting

differential item functioning (DIF) in dichotomous

items. The current article extends the IPR method

to the polytomous case. Index terms: item

response theory, differential item functioning,

statistical significance, differential functioning of

items and tests, polytomous data, item bias

Important decisions in educational, business, and medical settings often rely on standardized

tests and questionnaires. Before comparisons among individuals or groups can be made, one must

consider if the tests and questionnaires used provide equivalent measurement. Measurement

equivalence is obtained when the relations between observed scores and latent constructs are iden-

tical across relevant subgroups (Drasgow & Kanfer, 1985). Without measurement equivalence,

observed scores from different groups are in different scales and are therefore not comparable. In

other words, the meaning of score differences is unclear because they reflect not only meaningful

group differences but also systematic measurement error.

Measurement equivalence can be defined either in terms of individual items or the measure as

a whole. Systematic measurement errors on a single item are referred to as differential item func-

tioning (DIF). Measures of DIF are useful for scale development by selecting items that are equiv-

alent across groups. Differential test functioning (DTF) refers to systematic measurement errors of

an entire test or scale. Because decisions are generally based on scale-level scores, DTF more

closely reflects the practical impact of nonequivalence.

Aptitude and achievement testing is one area in which measurement equivalence across groups

is of extreme importance (Drasgow & Kanfer, 1985). If some groups (e.g., minority groups)
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systematically receive lower mean test scores than other groups (e.g., Whites), one must determine

whether these differences are due to true differences on the latent construct or measurement error.

If score differences at the item or test level are a reflection of systematic measurement error, an

item or test is said to be biased. Test bias could potentially cause adverse impact in the selection

rates, even when both groups are equally talented.

Similarly, measurement equivalence should be examined for attitudinal questionnaires

(Drasgow & Kanfer, 1985). Questionnaires are used to assess organizational attitudes and identify

the need for training and organizational development initiatives. Score differences among indivi-

duals from different groups, (e.g., males vs. females, Whites vs. minority groups, managers vs.

nonmanagers, etc.) are typically assumed to reflect true group differences on the attitude being

measured. Costly organizational interventions are then planned to address these group differences.

If the DIF or DTF is present in the questionnaires used, however, observed group differences may

be erroneous, and the conclusions drawn based on these results will be inappropriate. In light of

the potential consequences, it is therefore of vital importance that practitioners have a readily

available means by which to assess differential functioning of items and tests (DFIT).

There are several item response theory (IRT)-based procedures for assessing DIF, such as

Lord’s chi-square (Cohen, Kim, & Baker, 1993; Lord, 1980), the likelihood ratio test (Thissen,

Steinberg, & Wainer, 1988), and area measures (Cohen et al., 1993; Kim & Cohen, 1991; Raju,

1988, 1990). Although these methods have shown to be effective in detecting the DIF, none of

these provides a means by which to assess differential functioning at the test level. It is simply

assumed the removal of items with significant DIF will result in a test that is unbiased (Raju, van

der Linden, & Fleer, 1995). Raju et al. (1995) noted the desirability of having a psychometric mea-

sure of DTF and proposed the DFIT framework.

Although the DFIT framework has shown to be an effective mechanism for detecting DIF/DTF

in IRT-based tests and questionnaires (e.g., Flowers, Oshima, & Raju, 1999; Oshima, Raju, &

Flowers, 1997; Raju et al., 1995), researchers have indicated a need for better procedures for asses-

sing the statistical significance of DIF and DTF indices.

Recently, Oshima, Raju, and Nanda (2006) proposed the item parameter replication (IPR)

method for assessing the statistical significance of the noncompensatory differential item func-

tioning (NCDIF) index of DIF for dichotomous items within the DFIT framework. The objective

of the current article is to describe how Dr. Raju extended the IPR method to the polytomous case

(Raju, Oshima, Fortmann, Nering, & Kim, 2006) and to examine its efficacy in detecting the DIF

for polytomous items. First, however, a brief description of the IRT calibration model used and the

DFIT framework are provided.

The Graded Response Model (GRM)

The DFIT framework can be used with any polytomous IRT model. Samejima’s (1969) GRM

was used in the current investigation and will therefore be described. The GRM assumes item

response categories can be rank ordered or, in other words, represent ordinal data (Zickar, 2002).

The probability of person s responding above response category k to item i may be expressed as

P∗
ik ysð Þ= eDai ys − bikð Þ

1+ e
Dai ys − bikð Þ , ð1Þ

where bik is the location parameter that designates the boundary between response categories

k and k + 1 for item i, ai is the item discrimination parameter, and ys is the person (ability)
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parameter. The number of b parameters for an item is equal to the number of response categories

minus one. A five-response category item, therefore, is represented by one a parameter and four b

parameters. Each b parameter may be thought of as the amount of attitude or ability needed to

choose one response category over another or to choose one set of available categories over

another set of available categories within an item. Equation (1) is commonly referred to as the

boundary response function (BRF); the number of BRFs for each item is one less than the number

of response categories. The BRFs are a cumulative probability of a response above category k: To

calculate the probability of responding in a particular response category as a function of y, the

adjacent BRF is subtracted from the cumulative probability. This function is referred to as the

category response function (CRF):

PikðyÞ=P∗
iðk− 1ÞðyÞ−P∗

ikðyÞ: ð2Þ

Because the first and last response categories lack an adjacent boundary, Samejima (1969)

defined P∗
i0(y) and P∗

im(y) as equal to 1 and 0, respectively, where m represents the number of

response categories. There will be as many CRFs in an item as there are response categories.

The DFIT Framework

The DFIT framework offers several advantages to other DIF detection methods (Flowers et al.,

1999). First, it offers a means by which to assess differential functioning at both the item and test

levels. Second, this method can be applied to both dichotomous and polytomous data and to unidi-

mensional and multidimensional data. Third, the DFIT framework offers two indices for assessing

DIF: NCDIF and compensatory differential item functioning (CDIF). The NCDIF index assumes

all items in the test except for the item under consideration contain no DIF (Raju et al., 1995).

Although this assumption is commonly made by other measures of DIF as well, it may not be plau-

sible. CDIF, on the other hand, does not make this assumption. The CDIF index is additive in the

sense that DTF equals the sum of the CDIF indices across the items in a test. This is advantageous

in the sense that it provides a means by which to assess the overall effect of removing an item from

a test. A description of these indices follows.

The DFIT methodology (Raju et al., 1995) begins by defining differential functioning at the

test level and then decomposing it into differential functioning at the item level. For a given test,

assume item parameters have been estimated separately for the focal group and reference group,

and that these two sets of item parameters have been placed on a common metric. For examinee s,

it is now possible to compute two test true scores, one treating the examinee as a member of the

focal group and the other treating the examinee as a member of the reference group. If these true

scores are not equal, the examinee’s true score is not independent of group membership and

the test is said to exhibit DTF. The greater the difference between these two true scores, the greater

the magnitude of DTF. Raju et al. (1995) defined the DTF index as follows:

DTF=EF D2
s

� �=s2
D + m2

D, ð3Þ

where Ds represents the difference in test true scores for examinee s and the expectation (E) is

taken over the focal group.

For a polytomous item, the expected score of individual s on item i (ESsi) can be defined as

a weighted average of the category values, where the weights reflect the probability of the individ-

ual selecting each category. The difference between item true scores computed for a given

RAJU, FORTMANN, KIM, MORRIS ETAL.

THE IPR METHOD FOR DETECTING DIFFERENTIAL FUNCTIONING 135

 at GEORGIA STATE UNIVERSITY on April 18, 2011apm.sagepub.comDownloaded from 

http://apm.sagepub.com/


examinee, first treated as a member of the focal group and then treated as a member of the refer-

ence group, is defined as

dsi =ESsiF
−ESsiR

=
Xm

k= 1

PikF
ysð ÞXik −

Xm

k= 1

PikR
ysð ÞXik

 !
: ð4Þ

Derived from this, CDIF is defined as

CDIFi =E dsiDsð Þ=Cov dsi, Dsð Þ+ mdi
mD, ð5Þ

where Cov stands for covariance. As previously stated, the CDIF index is additive such that

DTF=
Xn

i= 1

CDIFi: ð6Þ

The NCDIF index for a given item is expressed as

NCDIFi =E d2
si

� �=s2
di
+ m2

di
: ð7Þ

Raju et al. (1995) recommended chi-square significance tests for the NCDIF and DTF indices.

Because the CDIF indices sum to DTF, a separate significance test was not proposed for this index.

Raju et al. instead recommended deletion, one at a time, of items with large, positive CDIF values.

Following deletion of a single item, the chi-square test of DTF is recomputed based on the remain-

ing items. This process is repeated until the DTF becomes nonsignificant. Deleted items are

labeled as having significant CDIF. Additional information about the DTF, CDIF, and NCDIF

indices may be found in Flowers et al. (1999) and Raju et al.

Monte Carlo examination of the proposed indices suggested the chi-square tests for DTF and

NCDIF to be overly sensitive for large sample sizes (Fleer, 1993). At the .01 level of significance,

substantially greater than 1% of the items in the no-DIF condition were falsely identified as having

DIF. This suggested the need to establish cutoff values for DTF and NCDIF indices. Cutoff values

provide a means to identify findings of differential functioning that are not only statistically signif-

icant but also practically nontrivial.

Cutoff values were established by creating a frequency distribution of observed NCDIF values

across 50 replications of the no-DIF condition (Fleer, 1993). A cutoff value of .006 was associated

with the 99th percentile and so resulted in falsely identifying approximately 1% of items as exhi-

biting DIF. Based on this result from Fleer’s Monte Carlo study, Raju et al. (1995) recommended

items with NCDIF> .006 and a statistically significant chi-square be designated as exhibiting

DIF; DTF> .006 and a significant chi-square suggests differential functioning at the test level.

Other researchers have similarly generated study-based cutoff values for other dichotomous

(Chamblee, 1998) and polytomous (Bolt, 2002; Flowers et al., 1999) data sets. Although these

study-based cutoff values have shown to be effective in identifying the DIF/DTF, they are proba-

bly not generalizable to other samples and items. In working with dichotomous items, Chamblee’s

study in fact suggested that optimal cutoff values are related to sample size and the specific IRT

model used in the investigation. The cutoff values obtained from the distribution of observed

NCDIF values ranged from .003 to .018, with smaller sample sizes and a larger number of item

parameters in the IRT model yielding higher cutoff values.

This dilemma concerning appropriate cutoff values for NCDIF and DTF indices poses an obsta-

cle to using the DFIT framework in practice. Using Monte Carlo methods, researchers have

achieved success in generating cutoff values (Bolt, 2002; Flowers et al., 1999; Raju et al., 1995)

that are appropriate for the specific conditions simulated in a given study. In practice, researchers
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may need to identify cutoff values for situations not covered in past research, and typical practi-

tioners may not have the expertise or time to conduct their own simulations. As such, across the

literature, there has been a call for better procedures for assessing the statistical significance of

DIF and DTF indices (Bolt, 2002; Flowers et al., 1999; Raju et al., 1995). In response to this call,

Oshima et al. (2006) proposed the IPR method.

The IPR Method for Determination of Cutoff Values

The IPR method (Oshima et al., 2006) provides a means for deriving study-based cutoff values

for use in assessing differential functioning within the DFIT framework. The IPR method begins

with estimates of item parameters for the focal group and the sampling variances and covariances

of these estimates. The item parameters and variances can be obtained from the output of an IRT

calibration program, such as PARSCALE. Unfortunately, the covariances among item parameters

are not available as part of the standard output of programs such as PARSCALE and MULTILOG.

These values, however, can be derived using procedures that will be described below.

Based on these initial estimates, a large number of replications of item parameters are then gen-

erated with the restriction that the expectation of the newly generated item parameters equals the

initial estimates of focal group item parameters with the same sampling variance/covariance struc-

ture. That is, any differences in the sets of estimates must be due to sampling error. Pairs of sam-

ples can then be used to compute DIF statistics. This produces an empirical sampling distribution

of NCDIF under the null hypothesis that focal and reference groups have identical parameters.

It should be noted that this approach does not adjust for differences in sample size between the

reference and focal groups, which could produce unequal covariance matrices even when item

parameters are identical. Thus, using the focal-group covariance matrix to represent both groups

may lead to some inaccuracy when sample sizes differ. However, prior simulation research by

Oshima et al. (2006) found accurate results using the IPR method even with substantial sample

size differences. This issue will be explored further in the simulations reported below.

The IPR method consists of nine major steps that will be described here for a single polytomous

item i: The IPR method is identical for all items in a test.

1. Let the item parameter estimates be denoted by a column vector Mi In the case of Samejima’s (1969)

GRM, a polytomous item with five response categories will be represented by one a parameter and

four b parameters. Therefore, Mi will consist of five elements:

Mi =

ai

bi1

bi2

bi3

bi4

2
66664

3
77775: ð8Þ

Each item is also associated with a matrix consisting of the sampling variances and covariances of the

item parameter estimates. Let this be represented as

Vi =

s2
a sabi1

sabi2
sabi3

sabi4

sbi1a s2
bi1

sbi1bi2
sbi1bi3

sbi1bi4

sbi2a sbi2bi1
s2

bi2
sbi2bi3

sbi2bi4

sbi3a sbi3bi1
sbi3bi2

s2
bi3

sbi3bi4

sbi4a sbi4bi1
sbi4bi2

sbi4bi3
s2

bi4

2
666664

3
777775: ð9Þ
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The correlation matrix Rið Þ for the item parameters can then be derived from Vi:

Ri =

1 rabi1
rabi2

rabi3
rabi4

rbi1a 1 rbi1bi2
rbi1bi3

rbi1bi4

rbi2a rbi2bi1
1 rbi2bi3

rbi2bi4

rbi3a rbi3bi1
rbi3bi2

1 rbi3bi4

rbi4a rbi4bi1
rbi4bi2

rbi4bi3
1

2
66664

3
77775: ð10Þ

Assuming Ri is positive definite, it can be expressed as the product of a triangular matrix Tið Þ and its

transpose (T0i; Graybill, 1969):

Ri =T0iTi: ð11Þ

2. Let m represent the number of response categories. Let X1i represent a column vector of m elements,

with each element drawn at random from one of m independent, standardized, and normally distributed

populations. Let X2i represent a second vector of m elements similarly drawn.

3. Using the Ti matrix in equation (11), transform the two X vectors into two Z vectors as follows:

Z1i =T0iX1i, ð12Þ

Z2i =T0iX2i: ð13Þ

Each Z vector now represents a random element from an m dimensional standardized multivariate

normal distribution with a correlation structure for the m dimensions conforming to the correlation

structure in the Ri matrix.

4. By definition, each element in the Z vectors is standardized in that its expectation 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 transformation, let Di represent a diagonal matrix consisting of the variances contained in

Vi. Now, let

Y1i =
ffiffiffiffiffi
Di

p
Z1i +Mi, ð14Þ

Y2i =
ffiffiffiffiffi
Di

p
Z2i +Mi: ð15Þ

5. Vectors Y1i and Y2i represent two estimates of item parameters from two populations with identical

item parameters. In other words, these vectors may represent item parameter estimates for the focal

and reference groups when there is no DIF. Any differences in these estimates must be 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 equations previously described.

6. Steps 1–5 can be replicated as many times as desired.

7. The NCDIF values obtained from all replications can be rank ordered, and the 90th, 95th, 99th, 99.5th,

and 99.9th percentile rank scores are recorded to establish the cutoff values for alpha levels at .10, .05,

.01, .005, and .001, respectively.

8. Once the alpha level is chosen, the cutoff associated with it is used as the cutoff for assessing statistical

significance of the initial NCDIF value obtained for item i:
9. This process is repeated for all items in the test, thus potentially resulting in different cutoff values for

different items.

Oshima et al. (2006) noted several distinctions between the new IPR method and the method

used to generate cutoff values in previous research (e.g., Bolt, 2002; Fleer, 1993; Flowers et al.,

1999; Raju et al., 1995). First, a large number of replications of item parameters was generated
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from the initial set of estimates obtained from the IRT calibration program. This eliminated the

need for extra calibrations of item parameters, which is one of the most time-consuming aspects of

the previous method. Further, this offered a theoretical advantage in the sense that it is tailored to

a particular data set. As such, other unknown factors that may influence the error associated with

parameter estimation were taken into account. Second, the distribution of NCDIF values was

obtained for each item on a test, and so it was possible to generate a cutoff value for each item.

Lastly, the IPR method is easier to use from a practitioner’s standpoint because the procedure is

implemented within a computer program such as DFIT71 (Raju, Oshima, & Wolach, 2005). The

only task practitioners have is to provide estimates of item parameters, their sampling variances

and covariances, and ability estimates for the focal (or reference) group.

A Monte Carlo study was conducted to examine the efficacy of the IPR method in generating

cutoff values for dichotomous items (Oshima et al., 2006). Overall results suggested the IPR

method performed well and provided a practical means of assessing differential functioning within

the DFIT framework. The next section examines the IPR method with polytomous data.

Monte Carlo Simulation

A Monte Carlo simulation was conducted to evaluate the performance of the IPR-based NCDIF

significance test. The simulated test consisted of 20 items, each having 5 response categories. The

simulation was repeated under three sample size conditions: two with an equal sample size in the

reference and focal groups (n= 1,000 or n= 500 in each group) and one with an unequal sample

size (focal group n= 1,000, reference group n= 500).

The DIF analyses are often of greatest interest in situations where scores differ across groups,

differences which may be attributed either to DIF or true differences in the underlying latent vari-

able. Group differences in the latent variable are often referred to as impact. One set of simulations

with no impact was conducted; that is, the distribution of y was identical for the focal and refer-

ence groups. A second set of simulations was conducted with a true group difference of 0.5 SD.

The two factors (sample size and impact) were fully crossed, resulting in six conditions. For each

condition, 100 samples were generated and analyzed as described below.

Data Generation

Item responses were generated using a Fortran program created for this research. For each of n

observations in each group, a person (y) parameter was randomly generated from a normal distri-

bution with s= 1 and mean determined by the condition. In the no-impact condition, the mean y
was 0 for both reference and focal groups. In the impact condition, the mean y was 0 for the refer-

ence group and –0.5 for the focal group.

Item responses were then generated according to Samejima’s (1969) GRM. The item para-

meters were taken from Flowers et al. (1999)2 and are shown in Table 1. In the 20-item test, 4

items with DIF were embedded. The DIF was modeled by adding a constant to the a and/or b para-

meters of the focal group. All DIF items favored the reference group, which had higher a and/or

lower b parameters. Items 3 and 13 demonstrated uniform DIF, with differences on the b para-

meters of 1.0 and 0.5, respectively. Items 8 and 18 had nonuniform DIF. Item 8 had a 0.5 differ-

ence on both a and b parameters, whereas on Item 18 there was a 0.5 difference on the a parameter

only. These items represent a wide range of magnitudes of DIF, as indicated by the true NCDIF

values in Table 1. True NCDIF was computed according to equation (7) using the known popula-

tion parameters for each item.
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Item Parameter Estimation

Item and y parameters were estimated using PARSCALE (Muraki & Bock, 1997). As previ-

ously mentioned, the standard PARSCALE output provides only the parameter estimates and their

standard errors and does not provide the parameter covariances required for the IPR method. How-

ever, it is possible to obtain parameter covariances from the SDRV matrix in the PARSCALE

diagnostic output.

Further complicating matters, the PARSCALE output provides separate item and category para-

meters, whereas combined item-specific category boundaries are needed for the IPR method. That

is, PARSCALE estimated a single location parameter for each item, bi, as well as a set of four cate-

gory parameters, ck, reflecting the location of category boundaries. This analysis had PARSCALE

estimate fixed category parameters that were the same across items, although it is also possible to

estimate the category parameters separately for each item. In either case, one must transform the

PARSCALE parameter estimates into a separate set of category boundaries for each item to apply

the IPR method.

The item step parameter bik can be computed from the item location parameter bi and a category

parameter ck,

bik = bi − ck: ð16Þ

Table 1

Item Parameters for the Simulated 20-Item Test

Reference Group Focal Groupa

Item a b1 b2 b3 b4 a b1 b2 b3 b4

True

NCDIF

1 0.55 –1.80 –0.60 0.60 1.80

2 0.73 –2.32 –1.12 0.08 1.28

3 0.73 –1.80 –0.60 0.60 1.80 0.73 –0.80 0.40 1.60 2.80 0.47

4 0.73 –1.80 –0.60 0.60 1.80

5 0.73 –1.28 –0.08 1.12 2.32

6 1.00 –2.78 –1.58 –0.38 0.82

7 1.00 –2.32 –1.12 0.08 1.28

8 1.00 –2.32 –1.12 0.08 1.28 0.50 –1.82 –0.62 0.58 1.78 0.16

9 1.00 –1.80 –0.60 0.60 1.80

10 1.00 –1.80 –0.60 0.60 1.80

11 1.00 –1.80 –0.60 0.60 1.80

12 1.00 –1.80 –0.60 0.60 1.80

13 1.00 –1.28 –0.08 1.12 2.32 1.00 –0.78 0.42 1.62 2.82 0.13

14 1.00 –1.28 –0.08 1.12 2.32

15 1.00 –0.82 0.38 1.58 2.78

16 1.36 –2.32 –1.12 0.08 1.28

17 1.36 –1.80 –0.60 0.60 1.80

18 1.00 –1.80 –0.60 0.60 1.80 0.50 –1.80 –0.60 0.60 1.80 0.03

19 1.36 –1.28 –0.08 1.12 2.32

20 1.80 –1.80 –0.60 0.60 1.80

Note. NCDIF= noncompensatory differential item functioning; DIF= differential item functioning.

a. Item parameters are listed for the true DIF items only. Values not listed were the same as the item

parameters used for the reference group.
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The covariance matrix of sampling errors for the combined item parameters (bik) were esti-

mated as functions of the covariance of item parameters and the covariance among category para-

meters, which were obtained from PARSCALE. For these calculations, it was assumed that the

sampling errors of item parameters (ai and bi) were independent of the fixed category parameters

(ck). Derivations of the formulas are provided in the Appendix. The sampling variance of the item

step parameter bik was computed as

VAR bikð Þ=VAR bið Þ+VAR ckð Þ: ð17Þ

The covariance of slope with each step parameter was estimated as

COV ai, bikð Þ=COV ai, bið Þ: ð18Þ

The covariance of the step parameters for categories k and m was estimated using

COV bik, bimð Þ=VAR bið Þ+COV ck, cmð Þ: ð19Þ

A two-stage linking procedure was used to establish a common metric for reference and focal

groups. Baker’s (1993) EQUATE 2.1 program was used to link the two samples based on the test

characteristic function method. Using the obtained linking coefficients, the DFIT7 (Raju et al.,

2005) program computed NCDIF values for all items. The DFIT7 program provided cutoff values

for NCDIF utilizing the IPR method with 1,000 replications. Based on the results, a reduced set of

anchor items was created using only DIF-free items. To keep the anchor set as large as possible,

only items significant at the .001 level were excluded. Using only the items deemed DIF-free from

this previous step, second-stage linking coefficients were obtained from EQUATE 2.1.

Using the second-stage linking coefficients, the DFIT analysis was conducted again for all

items, and items exhibiting DIF at a= :01 were identified. Significance cutoffs for the IPR method

with 1,000 replications were obtained from DFIT7. For comparison, significance was also deter-

mined using the fixed cutoff of .016 recommended by Flowers et al. (1999).

Results

As expected, the IPR-based cutoff values varied as a function of the sample size and item char-

acteristics. Figure 1 presents the average NCDIF cutoff at a= :01 for each item in the no-impact

conditions. Because the IPR-based cut scores are based on the focal-group covariance matrix, they

are influenced only by the focal group sample size. Therefore, the cutoffs in the mixed sample size

conditions were identical to those shown in Figure 1 for n= 1,000. In addition, results were nearly

identical in the conditions with impact.

When the sample size in the focal group was 1,000, the average IPR-based cutoff (a= :01) ran-

ged from .013 to .029, with an overall mean of 0.018. This is quite similar to the .016 value

obtained by Flowers et al. (1999) for the same condition. When the focal group sample size was

500, the cutoffs were substantially higher, ranging from .028 to .060 (M = 0:038). In addition, the

cutoff values tended to be lower for items with higher a parameters (r =−:50, p< :001).

Empirical rejection rates from the simulations are presented in Table 2. For the DIF items, these

reflect true positive rates or the statistical power of the test. For items with moderate to large DIF

(Items 3, 8, and 13), rejection rates were close to 1.0 across conditions for both the IPR-based and

fixed cutoff. These results suggest that the method is quite sensitive to this level of DIF.

When the degree of DIF was small (Item 18), true positive rates were considerably lower for

the IPR method and were dependent on the sample size and the degree of impact. With a sample

size of 1,000 in each group, the true positive rate was fairly high (.72) when impact was present,
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but only .5 in the no-impact condition. When the sample size was 500 in each group, the true posi-

tive rate for the IPR method was less than .10 regardless of impact. True positive rates for Item 18

were considerably higher when using a fixed cutoff (0.81–1.00), particularly in the smaller sample

size conditions. Thus, the fixed cutoff was considerably more sensitive than the IPR method when

the magnitude of DIF was small.

False positive rates were unaffected by the presence of impact but differed as a function of the

sample size condition. At the largest sample size, false positive rates were similar and somewhat

conservative for both the IPR and fixed cutoff approaches. The overall rejection rate for non-DIF

items ranged from .002 to .003, which is lower than the nominal a= :01. No item had a false posi-

tive rate of more than .01 for the IPR method or more than .02 when using a fixed cutoff.

The IPR method remained conservative when the sample size was 500 in each group. False

positives ranged from .003 to .004, and no item had a false positive rate of more than .02. The

rejection rates for the fixed cutoff were inflated (.03–.04) relative to the nominal a, and the worst

performing items exhibited rejection rates as high as .09.

When sample size was larger in the focal group than the reference group, IPR false positive

rates were higher than the other conditions and were very close to the nominal a level. However,

some items exhibited slightly inflated rejection rates (up to .03). Similarly, the overall false posi-

tive rate when using a fixed cutoff was close to the nominal level (.013–.014), but some items

exhibited rejection rates as high as .07.

Figure 1.

A Comparison of the Average IPR Method Cutoff Values for NCDIF

and the Fixed Cutoff Value (.016) Proposed by Flowers et al. (1999)
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Note. n= focal group sample size.

NCDIF= noncompensatory differential item functioning; IPR= item parameter replication.
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Discussion

The current investigation extended the IPR method for determining the NCDIF cutoff values in

the DFIT framework to polytomous items. Monte Carlo simulations supported the efficacy of the

IPR procedure in detecting DIF at sample sizes of both 500 and 1,000 per group, while maintain-

ing good control over false positive rates. The procedure was very sensitive to both uniform and

nonuniform DIF, as long as the magnitude of DIF was not extremely small. The IPR method was

less effective at detecting DIF in Item 18 than the other items. This is likely due to the small mag-

nitude of DIF on this item.

The IPR method tended to produce cutoff scores that were higher than the fixed cutoff recom-

mended by Flowers et al. (1999). Consequently, when the magnitude of DIF was small, the fixed

cutoff method was considerably more sensitive than the IPR method. However, this greater sensi-

tivity came at the cost of inflated false positive rates under some conditions. When the sample size

in both groups was 1,000, false positive rates for the fixed cutoff were similar to those of the IPR

method. This is not surprising, as the fixed cutoff was generated by Flowers et al. (1999) using

simulations of essentially the same condition. When the sample size in one or both groups was

smaller, overall false positive rates were two to three times higher than the nominal alpha level of

.01, and some items exhibited false positive rates as high as .09. These results reinforce the need to

identify significance cutoffs that are tailored to the characteristics of the data set, as with the IPR

method.

Although the results are generally supportive of the IPR method, they also suggest some poten-

tial areas where the procedure might be improved. First, the false positive rates for the IPR method

Table 2

Rejection Rates for IPR and Fixed Cutoff NCDIF Tests (a= .01)

nF= nR= 1,000 nF= nR= 500 nF= 1,000, nR= 500

Item IPR Fixed IPR Fixed IPR Fixed

No Impact

3 1.00 1.00 1.00 1.00 1.00 1.00

8 1.00 1.00 0.98 1.00 1.00 1.00

13 1.00 1.00 0.99 1.00 1.00 1.00

18 0.50 0.99 0.01 0.94 0.17 0.81

Average false positive rate 0.002 0.003 0.004 0.029 0.012 0.014

Max false positive rate 0.01 0.01 0.02 0.09 0.03 0.05

Impact (focal group mean 0.5 SD below reference group mean)

3 1.00 1.00 1.00 1.00 1.00 1.00

8 1.00 1.00 0.93 1.00 1.00 1.00

13 1.00 1.00 1.00 1.00 1.00 1.00

18 0.72 1.00 0.08 0.97 0.38 0.85

Average false positive rate 0.002 0.003 0.003 0.040 0.010 0.013

Max false positive rate 0.01 0.02 0.02 0.08 0.03 0.07

Note. Max false positive rate refers to the highest rejection rate among the non-DIF items. IPR= item

parameter replication.
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tended to be conservative. When sample sizes in the two groups were equal, the false positive rates

were only 20%–40% of the nominal alpha level. This suggests that the cutoffs could be lowered

somewhat, resulting in greater statistical power although maintaining the desired false positive

rate.

It is also worth noting that because the IPR-based cutoffs are based on the focal-group covari-

ance matrix they are unaffected by the sample size of the reference group. If the sample sizes are

unequal across groups, the smaller or larger n for the reference group will affect the sampling vari-

ance of the NCDIF statistic, but this will not be reflected in the cutoff value. Despite this, our simu-

lations demonstrate that the IPR-based cutoff values are effective even with substantially different

sample sizes (nF = 1,000, nR = 500). Similar results were found in prior research on the IPR

method with dichotomous items (Oshima et al., 2006). Still, the false positive rates under the

mixed sample size condition tended to be higher than when sample sizes were equal, and this may

become problematic when the sample size difference is more extreme. Future work should refine

the IPR method to incorporate sample size information from both groups. Until this issue has been

resolved, it is recommended that the IPR method, as implemented in DFIT7, be used only when

sample sizes are roughly the same in reference and focal groups.

The current study examined DFIT analysis in the context of the rating scale model with fixed

category parameters. That is, the distance between adjacent categories was assumed to be the same

across all items. However, it is important to note that the DFIT framework can also readily accom-

modate situations in which category parameters are allowed to vary across items. In addition,

DFIT statistics are based on the expected score functions, which can be obtained from any parame-

terization of the IRT model. Thus, the DFIT analysis can be generalized to work with the general-

ized partial credit model (Muraki, 1992) or the nominal response model (Bock, 1972).

A challenge in applying the IPR method is obtaining item-parameter covariances from existing

IRT software. To our knowledge, no current software provides this information as part of the stan-

dard output. From the diagnostic output of PARSCALE the necessary information was obtained,

but doing so required considerable effort and hand calculation. The authors hope that vendors of

IRT software will make this information more readily available in the future. Alternatively, ana-

lytic solutions may provide means to compute covariances directly from item parameters (Li &

Lissitz, 2004; Morris, Fortmann, & Oshima, 2007).

The need for sound DIF techniques for polytomous items has increased recently, and it is

expected to continue. Due to the No Child Left Behind Act of 2001, standardized assessments

have been mandated across the United States. As a result, there has been a dramatic increase in the

use of polytomous IRT models to accommodate constructed response types of items. These types

of items allow the assessment to accumulate information quickly although, at the same time, mea-

suring more complex aspects of the construct of interest. Furthermore, there are many applications

of polytomous DIF techniques in psychological assessments, including assessing measurement

equivalence. It is likely that the performance of polytomous DFIT will be enhanced with the new

significance test. The enhanced DIFT would be a useful tool for practitioners in educational and

psychological measurement.

Appendix

The item parameter sampling error covariance matrix required by the differential functioning

of items and tests (DFIT) program includes a separate item step parameter bik for each BRF of each

item. However, the diagnostic output of PARSCALE provides two separate covariance matrices:

one covariance matrix with a discrimination parameter (ai) and a single location parameter (bi) for
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each item and a second covariance matrix of the category parameters (ck). Therefore, it was neces-

sary to integrate information from these two types of matrices. No information on the covariance

of category parameters with a or b parameters could be located. Therefore, these covariances were

assumed to be 0.

The item step parameter bik can be computed from the item location parameter bi and a category

parameter ck, where bik = bi − ck. Therefore, the variance of the item step parameter bik is

VAR bikð Þ=VAR bið Þ+VAR ckð Þ− 2COV bi, ckð Þ: ðA1Þ

Assuming COV (bi, ck)= 0,

VAR bikð Þ=VAR bið Þ+VAR ckð Þ: ðA2Þ

The covariance of the slope with each step parameter may be derived as follows:

COV ai, bikð Þ=E ai bi − ckð Þ½ �−E aið ÞE bi − ckð Þ: ðA3Þ
COV ai, bikð Þ=E aibið Þ−E aickð Þ−E aið ÞE bið Þ+E aið ÞE ckð Þ, ðA4Þ
COV ai, bikð Þ=COV aibið Þ−COV ai, ckð Þ: ðA5Þ

Assuming COV(ai, ck)= 0,

COV ai, bikð Þ=COV ai, bið Þ: ðA6Þ

The covariance of the step parameters for categories k and m is

COV bik, bimð Þ=E bi − ckð Þ bi − cmð Þ½ �−E bi − ckð ÞE bi − cmð Þ, ðA7Þ
COV bik, bimð Þ=E b2

i

� �−E bickð Þ−E bicmð Þ+E ckcmð Þ
− E bið Þ2 −E bið ÞE ckð Þ−E bið ÞE cmð Þ+E ckð ÞE cmð Þ
� �

, ðA8Þ
COV bik, bimð Þ= E b2

i

� �−E bið Þ2
� �− E bickð Þ−E bið ÞE ckð Þ½ �
− E bicmð Þ−E bið ÞE cmð Þ½ �+ E ckcmð Þ−E ckð ÞE cmð Þ½ �, ðA9Þ

COV bik, bimð Þ=VAR bið Þ−COV bi, ckð Þ−COV bi, cmð Þ+COV ck, cmð Þ: ðA10Þ

Assuming COV(bi, ckÞ= 0 for all k,

COV bik, bimð Þ=VAR bið Þ+COV ck, cmð Þ: ðA11Þ

Equations (A2), (A6), and (A11) were used accordingly to estimate the parameter covariance

in equation (9).

Notes

1. Commercial release of the DFIT7 software is expected to occur soon. Contact John Scott

(JScott@appliedpsych.com) for information on obtaining the program.

2. Item 18 was modified for the current study to produce a slightly greater magnitude of DIF

(NCDIF= .03). The a parameters used in Flowers et al. (1999) were 1.36 and 0.86 for the ref-

erence and focal groups, respectively, which produced expected score functions that were

nearly identical (NCDIF= .003).
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