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ABSTRACT 

A computer simulation study was conducted to determine the feasibility of 

using logistic regression procedures to detect nonuniform differential item 

functioning (DIF) in polytomous items. A simulated test of 25 items was 

generated, of which the 25th item contained nonuniform DIF. The degree of 

nonuniform DIF in the 25th item was varied in four ways. Item scores were 

generated using Muraki's generalized partial credit model and the data were 

artificially dichotomized in three different ways for the logistic regression 

procedure. The results indicate that logistic regression is a viable procedure in 

the detection of most forms of nonuniform DIF; however, it was not sensitive to 

DIF that is uniform within score categories and nonuniform across score 

categories. Logistic regression procedures were also quite awkward in the 

polytomous case, because several regressions must be run per polytomous item 

and it was difficult to determine an omnibus result in most cases. Some logistic 

regression procedures, however, may be useful in the post hoc analysis of DIF in 

polytomous items. 
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CHAPTER 1 

INTRODUCTION AND LITERATURE REVIEW 

Introduction 

In today's environment of increased accountability in education, it is as 

important as ever to consider accountability in standardized testing. One of the 

concerns of the companies that devise standardized tests is the performance of a 

test for different examinee groups. Does the test discriminate on the 

characteristics it is meant to, such as ability or achievement, or is the test 

discriminating on variables that are extraneous to the puipose of the test? 

Testing companies are held accountable for their products and must be able to 

demonstrate, to the best of their ability, that their tests do indeed measure what 

they are meant to and that extraneous variables are controlled as well as possible. 

If a test measures variables that are extraneous to the purpose of the test, 

then the test is said to be biased. This test bias is present in an examinee's score 

as systematic error. The test maker wants to control for error as much as 

possible and this type of error is often simple to remove once it is detected. 

Each item within a test can be examined in much the same manner as an entire 

test is examined. At American College Testing, where the study presented in this 

paper was conducted, new items are subjected to a rigorous 'fairness review' to 

detect cultural, racial, or gender bias. Panels convene to examine items for 

potential bias against a given group such as females, African Americans, or 
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Hispanics. Items are removed which could be biased against any particular group 

for reasons other than content knowledge. However, even though these items 

are scrutinized carefully for potential bias, various groups may still perform 

differentially on a given item for reasons that are not apparent by simply 

examining the item. This differential item performance by groups, called 

differential item functioning (DIF), is the focus of this paper. 

Differential item functioning differs from item bias in that it is a statistical 

difference between groups rather than a visible flaw in the item. As an example, 

that flaw may be a slur against a certain group, which may introduce a context 

for this item that favors one group of examinees, or may tap an extraneous 

variable that is biased against a certain group. Anastasi (1988) defines item bias 

analysis as being .. concerned essentially with the relative difficulty of individual 

test items for groups with dissimilar cultural or experiential backgrounds," (p. 

228, emphasis in original). Both early and more current techniques by which 

DIF is analyzed, as well as judgmental procedures in detecting item bias are 

addressed by Anastasi (1988). For the purposes of this paper, the statistical 

definition of item bias that Anastasi (1988) uses will be essentially what is 

referred to here as DIF and the judgmental procedures will be referred to here 

as item bias. Item bias is usually removed by the item review process mentioned 

above before the test items are pretested on students. In the pretest process, 

items are included in the ACT Assessment that are not scored. The pretest 
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section is blind to students; that is, students are not aware of which section of the 

ACT Assessment is not scored. Often, when an item which has been pretested is 

flagged as having DIF, there appears to be no logical reason why the groups 

behaved differentially on that item. 

When examinee performance on an item across groups is compared without 

matching examinees on an ability measure, the characteristic being measured is 

referred to as impact (Holland, 1985). Differential item functioning within the 

item in this case is hopelessly confounded with differences between groups along 

the ability continuum. When groups are compared to see if DIF, as opposed to 

impact, is present, the members of the groups are matched on some ability 

criterion, such as test scores,"... since these are available, accurately measured 

and usually measure the same ability as the studied item" (Holland & Thayer, 

1986, p. 2). DIF rather than impact is measured, because some attempt is made 

to match on ability between groups of examinees. Differential item functioning, 

as it will be addressed in this paper, is a difference in scores on an item for 

different groups after those groups have been matched, or controlled, for ability. 

The group which is of primary interest in DIF analysis is called the focal 

group and the group that is taken as the standard is called the reference group. If 

the examinees in the two groups are matched on test score, then "the data for the 

studied item for the examinees in (the focal and reference groups) may be 

arranged into a series of 2 x 2 tables; one such table for each matched set of 
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reference and focal group members" (Holland & Thayer, 1986, p. 2). For 

example, for a 25 item test, with total scores that can range from 0 to 25, there is 

a possibility of K=26 of these 2x2 contingency tables. Holland and Thayer 

(1986) give a typical 2x2 contingency table at a particular score category, K, as 

follows: 

Item Score 

1 0 

Reference Group AR Bk DRK 

Focal Group Qc nFK 

mlK m0K Tk 

with AR representing those in the reference group at score K who got the studied 

item correct, BK representing those in the reference group at score K who got the 

studied item incorrect, representing those in the focal group who got the 

studied item correct, and DK representing those in the focal group who got the 

studied item incorrect TK represents the total number of examinees at the &th 

score level, represents the number of examinees in the reference group at the 

.ftTth score level, and represents the number of examinees in the focal group at 

the Kth score level. It follows that m1K represents the total number of examinees 

at the Kth score level who got the item correct, and m0K represents the total 

number who got the item incorrect 



DIF is present in an item if the proportions correct for the focal and 

reference groups for this item differ within a score level and possibly across score 

levels. There are tests, such as the Mantel-Haenszel or standardized difference 

in proportions correct, that can be performed across the Kth contingency table to 

see if the difference between groups is statistically significant The difference 

detected at each different score level is summed across all score levels to get an 

overall measure of DIF in the item. According to Holland (1985), 

The odds that a reference group member gets item j correct is A/Bj, while 

the corresponding odds for a focal group member is Q/Dj. The MH 

procedure measures the advantage (or disadvantage) on item j that 

reference group members have relative to their matched focal group 

colleagues by the ratio of these two odds. This gives us the odds-ratio 

estimate, 
A, C. At Dt &. = -!•/-+ = -!—L l 

' *, Di *, c, 

The at estimate a population cross-product-(or odds-) ratio, ait for the i* 

matched group. 

The i in the quote above represents the ith examinee and the j above corresponds 

to the item in question, denoted as U in this paper. 

DIF can result from differences in the underlying population abilities of the 

local and reference groups, or in the parameters of the item, such as the a or 
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discrimination parameter, or the b or difficulty parameter, for the two groups. 

Only the latter kind of DIF was investigated in this study. 

There are two types of DIF in dichotomcus items. The first kind, known as 

uniform DIF, occurs when the item uniformly favors one group over another 

across the ability continuum. The proportion correct, or the odds-ratio, remains 

the same across all score levels. This type of DIF is detected well by measures 

such as the Mantel-Haenszel statistic. The second kind of DIF, known as 

nonuniform DIF, models an interaction between ability level and performance on 

the item. In other words, performance on the item is dependent not only on 

group membership, but also on where an examinee is located on the ability 

continuum. Mellenberg (1982) defined uniform and nonuniform DIF as follows: 

There is no interaction between ability level and group membership with uniform 

DIF and there is an interaction between ability level and group membership with 

nonuniform DIF. Nonuniform DBF would occur when "... the difference in the 

probabilities of a correct answer for the two groups is not the same at all ability 

levels. .. (Swaminathan & Rogers, 1990). The form of this interaction can 

take two forms, as with ANOVA research, described in Shavelson (1988). An 

ordinal interaction occurs when differences in item performance change across 

the ability continuum. However, one group is continually favored over another; 

this bias does not change with ability. A disordinal interaction occurs when 

differences in item performance change and eventually switch direction across the 
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ability continuum. One group is favored over another at certain levels of ability 

and this favor switches at some point along the continuum. 

Detecting DIF in polytomous data is another concern, in which data cannot 

be scored as simply right or wrong. Rather, items fall under a graded response 

rubric where an examinee can get partial credit on an item, and therefore one 

must be able to detect DIF using polytomous item scores. This DIF is much 

more complex than in the dichotomous case, because not only is there a concern 

about DIF between two groups which is sometimes confounded with the ability 

measure, but in the polytomous case, item score level becomes a third 

confounding variable. DIF in a polytomous item can reside within each of the 

score categories within an item, or it may reside within just one score category 

within an item. Score categories here mean the different levels of correctness an 

examinee can achieve on an item. For example, if an item is scored between a 0 

and a 3, then the score categories would be 0, 1, 2, and 3. DIF in a polytomous 

item may be uniform across score categories, nonuniform across score categories, 

or uniform within score categories and nonuniform across score categories. 

Since the early 1980s, there has been extensive research on the methods used 

to detect DIF. Because comprehensive literature reviews on the topic of DIF 

have already been done (cf., Berk, 1982; Marascuilo & Slaughter, 1981), the 

focus here will only be on more recent developments in DIF detection 

methodology. 



IRT Methods 

An estimated latent trait measure is helpful in a simulation study to match 

examinees from different groups on the basis of ability, rather than simply using 

a inherently flawed measure such as test score for matching purposes. Item 

response theory provides just such a vehicle. Item response theory, or IRT, 

estimates a latent trait, such as ability, that underlies a given test or item score, 

based on certain item parameters, such as difficulty of an item, or discrimination 

of the item for persons of a given ability. An explanation of the underlying logic 

of IRT is helpful in the development of the IRT method used to simulate data in 

this study and for the reasoning for searching for an alternative to IRT methods 

in detecting DIF in polytomous items. 

According to Lord (1980): "... item response theory starts with a 

mathematical statement as to how response depends on level of ability or skill. 

The relationship is given by the item response function. . . ." (p. 12). This item 

response function is known more frequently as the item characteristic curve, or 

ICC. The shape of the ICC is determined by up to three item parameters, 

known as the a, b, and c parameters. These parameters are used in measuring a 

latent trait, 0, such as ability. An estimate of this latent trait can be used to 

match examinees on some level that may not be as error-prone as actual 

measures, such as test scores. The model that uses each of these three item 



parameters in the following relationship is called the three parameter logistic 

model (Lord, 1980): 

P  *  P ( 0 )  =  c  +  1  C  

1 + e-l-M0-b) 

The a parameter represents the discriminating power of the item, or the degree 

to which the item response varies with ability level. It is proportional to the 

slope of the ICC at the inflection point, where the slope is steepest From 

Hambleton, Swaminathan and Rogers (1991, p. 15), 

The item discrimination parameter is defined, theoretically, on the scale (-

oo, +oo). Negatively discriminating items are discarded from ability tests, 

however, because something is wrong with an item (such as miskeying) if 

the probability of answering it correctly decreases as examinee ability 

increases. Also, it is unusual to obtain a values larger than 2. Hence the 

usual range for item discrimination parameters is (0,2). High values of a 

lead to item characteristic functions that are very 'steep' and low values of 

a lead to item characteristic functions that increase gradually as a 

function of ability. 

The b parameter represents item difficulty and determines the position of the 

curve along the ability scale (Lord, 1980). If the a and c parameters are held 

constant and the b parameter is varied, the ICC would move to the right or left 
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along the ability continuum, depending on whether the item was made easier or 

more difficult According to Hambleton, Swaminathan, and Rogers (1991, p. 13), 

The b parameter for an item is the point on the ability scale where the 

probability of a correct response is 0.5. This parameter is a location 

parameter, indicating the position of the ICC in relation to the ability 

scale. The greater the value of the b parameter, the greater the ability 

that is required for an examinee to have a 50% chance of getting the item 

right; hence the harder the item. 

Finally, the c parameter is called the pseudo-guessing parameter and represents 

the probability that a person "completely lacking in ability" (Lord, 1980), will get 

the item correct This parameter is equal to zero when guessing is not a factor in 

answering the question correctly, as in the study discussed in this paper. 

Using IRT terminology, if an item showed no DIF, then examinees from each 

group at every given level of 6, or ability, would have the same chance of getting 

the item correct The ICCs for that item would be perfectly overlapping. 

However, if an item did show DIF, then the ICCs would not be the same and 

examinees of equal abilities in each group would not have the same chance of 

getting the item right (Lord, 1980). 

ICCs that show uniform DIF would be roughly the same distance apart across 

the ability continuum, as seen in Figure 1, Appendix C. Therefore, the distance 

between the ICCs toward the bottom of the ability continuum would be similar to 
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the distance between the ICCs at the top of the ability continuum, in the case of 

uniform DIF. Nonuniform DIF would be evident in a difference in distance 

between the ICCs of the focal and reference groups, as in Figure 2, Appendix C. 

This interaction between groups and ability could take two forms. With an 

ordinal interaction the ICCs would not be parallel but would not cross within the 

ability continuum, and with a disordinal interaction, as depicted in Figure 2, 

Appendix C, the ICCs would actually cross at some point on the ability 

continuum. Either type of significant interaction indicates nonuniform DIF. 

IRT methods can be used to detect DIF, as well as model the data in 

simulation studies designed to examine DIF. IRT methods of DIF detection are 

the definitive manner in which to locate DIF within an item. However, given the 

expense of IRT in sample size necessary for proper model fit, software necessary 

to calibrate the items, and knowledge necessaiy in which to carry out these 

methods, other methods of DIF detection that do not have the stringent 

requirements of IRT methods may be more helpful for the average practitioner 

in educational research. 

One problem with IRT methods in DIF detection addresses model fit 

According to Holland and Thayer (1986, pp. 19 and 20, emphasis in original), 

It is certainly true that likelihood ratio tests of Hfl(IRT) [the null hypothesis 

of presence versus absence of DIF within a given item] in the context of 

specific parametric IRT models...are statistically optimal...in the sense of 



20 

power and efficiency when these models actually hold. If the data really 

are generated by such models, as they would be in a simulation, then no 

other test of the equality of two ICCs for the same item, at the given 

significance level can have larger power than these likelihood ratio tests. 

[However], even the marginal maximum likelihood [estimation] 

procedures are not optimal when the assumed model is wrong...Against 

alternatives to Hfl(IRT), the likelihood ratio procedure will set the upper 

bounds on the power and efficiency of any test procedure, including 

the...chi-square[d] procedures like the Mantel-Haenszel. 

Item parameters are often estimated using maximum likelihood procedures. 

An example of a maximum likelihood method would be the Newton-Raphson 

method, which iteratively models the parameters until the closest fit is achieved. 

In order to accomplish this with any degree of accuracy, very large sample sizes 

are needed (Thissen, 1991). With smaller sample sizes, standard errors of the 

parameter estimates tend to become inflated and models don't fit well. A test of 

model fit would yield large values, indicating that the model is not well estimated. 

Multilog (Thissen, 1991) also requires extensive background knowledge of item 

response models for different types of data and may not be easy for the average 

practitioner to use. With sufficient expertise to use such software and sufficient 

sample sizes, however, IRT methods yield the most accurate results. 
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There are many IRT methods in use today and much work is being done with 

IRT methods for DIF detection in polytomous data (cf., Wainer, Sireci, & 

Thissen, 1991). Caution should be used, however, when extending DIF detection 

using IRT methods to the polytomous case. The need for large sample sizes 

becomes tantamount, as sparsity of data becomes much more of a problem when 

the 2 x 2 x K contingency tables become 2 x J x K contingency tables, where J 

represents the number of score categories within an item (Agresti, 1990). The 

plots of cumulative probabilities of the items are no longer as easy to interpret; 

item characteristic curves (ICCs) from the dichotomous case become item 

category characteristic curves (ICCCs) in the polytomous case (Muraki, 1990). 

One ICCC is plotted for each score categoiy, so that ICCCs are no longer as 

easy to interpret as ICCs were. The probability of getting an item correct is no 

longer modeled, but instead the different probabilities of getting each score 

category are modeled at differing ability levels. 

Mantel-Haenszel Technique 

Recently, the Mantel-Haenszel technique (Mantel & Haenszel, 1959), 

originally designed for use in biostatistics to investigate retrospective studies of 

disease, has proven quite useful in the detection of DIF for dichotomous items 

(Holland & Thayer, 1986), especially with smaller sample sizes. The smallest 

sample size suggested for use with the Mantel-Haenszel technique is 200 to 250 

for each group (Hills, 1989; Kubiak & Colwell, 1990; Spray, 1989). Others (e.g., 
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Mazor, Clauser, & Hambleton, 1991) claim that DBF detection accuracy 

decreases dramatically with sample sizes less than 500, but this finding is 

confounded with the number of items identified as having DIF within the test 

In the Mazor et al. study cited above, 16 of 75 items had DIF and as Holland 

and Thayer explained, (1986, p. 17): "... the inclusion of the studied item in the 

matching criterion does not mask the existence of DIF, rather it is the inclusion 

of other items exhibiting DIF in the criterion that could lead to the finding that 

no DIF exists for the studied item when in fact it does," (emphasis in original). 

Holland (1985) proposed the use of the MH technique in the detection of DIF 

and Holland and Thayer (1986) developed the argument for the use of the MH 

statistic in DBF detection in educational research. Today, the MH statistic is 

widely accepted and probably is the most popular statistic in use for DIF 

detection. 

The MH statistic is, however, sensitive to direction of DIF and if the 

direction of DIF changes in the middle of the matching score distribution, these 

differences between groups will cancel out and this nonuniform DIF may not be 

detected using the MH statistic (Swaminathan & Rogers, 1990). The reason that 

nonuniform DIF is not well detected using the MH statistic is simple: It was not 

designed for that purpose. The Mantel Haenszel common-odds ratio is much 

like the odds ratio described on page 15 above, shown here without item notation 

(Holland & Thayer, 1986, p. 7): 
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A = PR I PP = PRJP 3 
QR QF Pf Qr 

This ratio is assumed to be constant across all K contingency tables. This 

matches the definition of uniform DIF. The odds ratio would change with 

different score levels with nonuniform DIF. The direction of DIF may change 

somewhere along this score continuum and while the MH technique is fairly 

powerful in such cases, if this change in the direction of DIF occurs in the middle 

of the score distribution, the common-odds ratio can appear to be much smaller 

than it is in actuality (Swaminathan & Rogers, 1990). 

The formula for the MH statistic (corrected for continuity to improve the 

accuracy of the chi-squared percentage points as approximations of the observed 

significance levels) is written as follows (Holland & Thayer, p. 8): 

( \ j : A l- j : e ( a k ) \  - ± ?  
MH CHISQ = — 

£ Var (A-) 
K K 

where AK represents the A cell of the 2 x 2 contingency table given on page 14, 

where E(AIC) = n^ m1K / TK, and Var(AK) = the variance of the A cell in the 2 x 

2 contingency table. 

The Mantel-Haenszel technique can be adapted to polytomous data. 

However, problems remain in the extension techniques. For example, Mantel 
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(1963) recommended an extension of the MH technique to polytomous data, 

based on the mean categoiy response between groups. Suppose, for example, 

that on a four-category response item, where the score on the item can vary from 

zero to three, group A has a score mean of 1.S, and group B has a score mean of 

2.0. The MH extension proposed by Mantel (1963) compares these means, but 

no information is gained as to the response probabilities at each score category 

level. Another such extension, the generalized MH (Landis et al., 1978) treats 

the data as nominal. This method compares the distributions of the different 

score categories between groups, but does not assume that the category responses 

are ordered. While this method can be helpful in some forms of DIF analysis, 

such as examination of distractors in multiple choice items, it is not germane to 

the present discussion of polytomously scored items. Also, the prior limitation of 

the MH technique not having the capability to detect nonuniform DIF 

(Swaminathan & Rogers, 1990) still exists in the polytomous case, that is, in the 

case where the ICCCs (item category characteristic curves) cross in the middle of 

the ability distribution. 

Standardized Difference in Proportion-Correct 

Another procedure that uses all K 2 x 2 contingency tables as its basis for 

DIF detection is the standardized difference in proportion-correct (SID; Dorans 

& Kulick, 1986). The MH and STD procedures are similar in nature (Dorans & 

Schmitt, 1990; Spray, 1989), but differ in the use of relative weights of 
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frequencies of the matching or conditional scores in calculating the indices. The 

STD index uses a weighting scheme which can weight more heavily the focal 

group, the reference group, or some combination of the two (Dorans & Schmitt, 

1990). The usual recommendation is to weight by the relative frequency of the 

focal group, because the weight "provides the greatest weight to differences at 

those score levels most frequently observed in the focal group" (Spray, 1989). 

Dorans and Schmitt (1990) claim that the Mil and STD statistics investigate 

the same differences between groups at different score levels and simply are 

based on different metrics. The problem with this assertion is that the choice of 

weighting scheme used with the STD index may change the outcome of that 

statistic. This subjective decision made at the outset of use of this statistic can 

change the detection rate of DIF. Also, as this statistic is so similar in the way it 

is calculated to the MH statistic, it would be expected to be insensitive to 

changes in direction of DEF and therefore would not be able to detect 

nonuniform DIF where the ICCs cross in the middle of the ability distribution. 

Logistic Regression, Dichotomous Case 

It has been recommended that logistic regression techniques be used to 

detect nonuniform DEF in the dichotomous case, in which the direction of an 

item's proportion correct favoring one of two distinct populations changes 

relative to the ability measure (Swaminathan & Rogers, 1990). The logistic 

regression technique is attractive because it can model both uniform and 
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nonuniform DIF within the same equation and test coefficients for significant 

DEF separately. Swaminathan and Rogers state that The Mantel-Haenszel 

procedure can ... be thought of as being based on the logistic regression model 

where the ability variable is considered discrete and where no interaction 

between the ability variable and the group variable is specified," (p. 364). 

Swaminathan and Rogers (1990) also compared logistic regression to an analysis 

of variance research model and the Mantel-Haenszel procedure to a randomized 

block design research model. Therefore, the logistic regression procedure would 

be expected to improve on the MH procedure with nonuniform DIF in the 

dichotomous case. Swaminathan and Rogers have in fact shown that the logistic 

regression procedure is viable, accurate, and inexpensive when compared to IRT 

techniques in detecting nonuniform DIF in the dichotomous case. 

Logistic regression procedures in the dichotomous case are based on the logit, 

which models the ratio of the probability of getting a one, where the item is 

correct, versus the probability of getting a zero, where the item is incorrect (see 

Swaminathan & Rogers, 1990). The logistic regression procedure models the 

probability of observing each dichotomous item response (U) as a function of two 

explanatory variables, observed test score (X) and a group indicator variable (G). 

This model (without item notation) can be written as follows (Hosmer & 

Lemeshow, 1989): 



(I-UM-Po-PiX-PiG-PjX'G) 
Prob(U\X,G)=— , 5 

1 
Ue(-P,-Pt-Pfi-P**W 

where /30 represents the weight associated with the intercept, /3t represents the 

weight attached to the score variable X, P2 represents the weight attached to the 

groups variable G, and represents the weight attached to the group by score 

interaction G*X. Again, this procedure can model both uniform and nonuniform 

D1F within the same equation, thus providing an advantage over the MH 

technique (Swaminathan & Rogers, 1990). 

Logistic regression is not an entirely new statistic in the social sciences. This 

technique has been widely used since the mid-1980s in family studies research to 

investigate relatively complex models of nominal variables (Morgan & Teachman, 

1988). Morgan and Teachman (1988) also give an excellent non-technical 

explanation of the 2x2 contingency tables that underlie this statistic, as 

discussed above. There are also references to and suggestions for use of logistic 

regression techniques for polytomous variables in family studies research. For 

example, the dependent variable may be a multiple-response variable, such as 

yes/no/don't know. In this case, two independent regressions can be run on the 

data. Morgan and Teachman (1988) refer the reader to Robins and Dickinson 

(1985) for an example of multinomial logistic regression. Logistic regression in 
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the polytomous case, as it refers to DIF research, will be discussed in greater 

detail later in this chapter. 

Swaminathan and Rogers (1990) found that logistic regression procedures 

were as powerful as the Mantel-Haenszel technique for detecting uniform DIF in 

dichotomous items and more powerful than the Mantel-Haenszel technique for 

detecting nonuniform DIF in dichotomous items. They also found, however, that 

logistic regression procedures were much more expensive than Mantel-Haenszel 

procedures in both time and computer running costs and that the MH technique 

was powerful for most forms of nonunifonn DIF. The MH technique seemed to 

be weak only in cases of disordinal nonunifonn DIF where the item characteristic 

curves crossed in the middle of the ability distribution. It appears that the 

logistic regression procedure is able to handle both the uniform and nonuniform 

case of dichotomous DIF, but Swaminathan and Rogers (1990) warn: "In the 

logistic regression model, the interaction term may adversely affect the power of 

the procedure when only uniform DIF is present because one degree of freedom 

is lost unnecessarily," (p. 366). Swaminathan and Rogers' final conclusions are 

that the logistic regression procedure has a major advantage over the Mantel-

Haenszel procedure in that it is a model-based procedure and therefore comes 

closer to IRT procedures in detecting DIF, as it may be more accurate in 

determining the nature of the DIF flagged within an item. 



Likelihood-Ratio Chi-Squared Tests 

A statistic is needed to test for the significance of DIF when contingency 

table analysis is used, such as in the case of the MH or logistic regression 

statistics. The statistic of choice in such an analysis appears to be Wilks' statistic, 

G2 (Agresti, 1990, Miller & Spray, 1992). The formula for Wilks' statistic, also 

known as the likelihood-ratio chi-squared statistic, is as follows (from Agresti, 

1990, p. 48): 

G2 = -2 log A = 2 Y, £ nis loS ("is / 6 

where A is the ratio of the maximized likelihoods, as expressed in the second part 

of the equation, {m = ni+n+s / nu} are the estimated frequencies of examinees 

under the assumption of independence and n^, ni+, and n+s are the total number 

of examinees, examinees in group i, and examinees in group s, respectively 

(Agresti, 1990). 

When using logistic regression procedures, the G2 statistic can be used to test 

the null hypothesis that DIF does not exist Each test of the G2 statistic is a 

single degree of freedom chi-squared test The difference in the log of the 

likelihood functions is obtained from the hierarchical and the saturated models 

(Fienberg, 1977). Three different models are designated in logistic regression 

analysis, the saturated model and two hierarchical models. The saturated model 

contains both the G, or groups variable, and the G*X, or group by score variable. 
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Because both the G2 and the G or groups variable use the same letter in 

notation, the coefficients in the logistic regression equation, or (group 

variable) and f}3 (group by score interaction), will be used. The saturated model 

would then contain both the )S2 and (33 coefficients, as shown in Equation 5. 

The hierarchical model along with the saturated model is used to test for 

nonuniform DIF. The hierarchical model does not contain the /?3, or interaction 

variable, as shown below: 

ji-ux-po-ppc-pfil 
Prob{U\X,G) = 7 

1 +e(-Po-PiX-Pfi> 

This model contains the coefficient only and would be used with Equation 5 to 

test for nonuniform DBF. If there was no significant nonuniform DIF, the Gz 

statistic would not be statistically significant, which means that the model fit is 

not significantly improved from the addition of the G*X interaction. The second 

hierarchical model, or the null model given by 

n-ux-Po-PjX) 
Prob(U\GPC)=Prob{U\X)=— ——, 8 

contains neither the /?2 nor the /H3 coefficients and would be used in the G2 

equation with Equation 7 above to test for uniform DIF. The significance of the 

/32 coefficient would therefore be tested in this case. Logistic regression in the 
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dichotomous case therefore uses two degrees of freedom, one each for testing 

uniform and nonuniform DIF. 

To summarize, Spray and Carlson (1988) state that "... a significance test of 

a postulated model is in the form of a goodness-of-fit test via a likelihood-ratio 

chi-squared statistic, denoted by G2. As each term is added to the model and the 

model is tested against the observed data, a G2 statistic is obtained. The 

difference between the G2 statistic for this model and the previous model is then 

a chi-squared statistic for a test of the significance of the added term. This 

procedure of successively fitting hierarchical models is more completely discussed 

by . . . Fienberg (1977)," (p. 8). 

Polytomous DIF 

Differential item functioning in the dichotomous case has been extensively 

studied and well documented over the last thirty years (cf. Berk, 1982). 

Presently, the trend in standardized testing is toward performance assessment and 

dichotomous items are not appropriate for this type of assessment Polytomous 

items, where an item can be given partial credit, are more germane to 

performance assessment These items, while they give more information per item 

about the knowledge of the student, also bring with them a more complex set of 

methodological problems in scoring and interpreting the items. For example, in 

the study of DIF the probability of getting an item correct across different ability 

levels (as represented by ICCs) for different groups can no longer be a single 
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factor in examining DIF. Instead, the probability of achieving a certain score 

category as opposed to the probability of achieving other score categories is 

modeled in polytomous DBF analysis. To add to the complexity of the problem, 

DIF can reside in all the score categories in a polytomous item, or it can reside 

in just a few categories or only one score categoiy. A technique is needed that is 

sensitive enough to detect DIF within single score categories. 

Disordinal DIF like that observed in this study may be expected to occur 

more frequently in the polytomous case than in the dichotomous case. The kind 

of dichotomous disordinal DIF of interest in this study is when the ICCs cross in 

the middle of the ability distribution. In order for this to occur, more examinees 

in the focal group would get the item right than in the reference group at the 

bottom half of the ability distribution and more examinees in the reference group 

would have to get the item right than in the focal group at the top half of the 

ability distribution, or vice versa. In the polytomous case, achieving this type of 

disordinal DIF is more feasible. Examinees in the focal group may tend to 

cluster in the lower score categories, for example, on a four categoiy item they 

may get mostly scores of zero or one. Examinees in the reference group may 

tend to score higher, getting scores of two or three on a four category item. A 

practical example of an item in which this may occur would be a mathematics 

item in which the examinee may get partial credit. Members of the focal group 

may have little or no exposure to that type of item and members of the reference 
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group may have had exposure to that type of item recently. Performance of the 

two groups on the four score categories would appear to switch positions in the 

middle of the ability distribution and one would find the type of disordinal DEF 

investigated in this study. 

Extension of Logistic Regression to Polytomous Case 

Modeling DIF in the polytomous case involves more than just including 

several categories other than the right or wrong dichotomous categories described 

previously. For logistic regression procedures, which are the focus of this paper, 

the dependent variable must be dichotomous. One logit is modeled per item. 

However, several logits must be modeled per item with polytomous data. 

Therefore, the data must be recoded in order to model polytomous data in a 

dichotomous manner. A series of dichotomous regressions must be formulated in 

order to look at the data thoroughly. To do this J-l regressions may be run, 

where J equals the number of item categories. J-l regressions fit the data in all 

independent ways possible, while more regressions are redundant (Agresti, 1990). 

Because several regressions are run on the same data, it probably would be best 

to formulate different coding schemes on the basis of some theoiy, so that 

interpretations of the results can be made relating to that theory. 

Agresti (1990), discussed several extensions of logistic modeling to 

polytomous data. Three models were recommended for multinomial response 

models using ordinal response data. These models, called continuation ratio 



logits, cumulative logiis, and adjacent categories, could be used for the DIF 

detection simulation that was conducted in this study. Each method uses the 

logit, or the ratio of the probability of getting the item correct to the probability 

of getting the item incorrect (Swaminathan & Rogers, 1990), to conduct DIF 

detection on artificial dichotomizations of the data. 

The continuation ratio logits model is as follows (Agresti, 1990, p. 319): 

7= l°g( n^X) —), J-1, 9 
*;+1(*)+ • • • +*/*) 

in a /-category response item, where j = 1,.. . /. Ly stands for the likelihood 

function; {ir^x),. . . ,7Tj(x)} denote response probabilities at value x for a set of 

explanatory variables; the score category j in the numerator would become j+1, 

j+2, etc. with successive regressions and the denominator would increment along 

with the numerator. The continuation ratio logit coding scheme is the only one 

of the three studied in this paper where the chi-squared results from the three 

regressions can be combined or added to give an overall, or omnibus test, in this 

case a three degrees of freedom chi-squared (Agresti, 1990). This coding scheme 

isolates an increasingly narrow amount of the data to examine for the presence of 

DIF and would only be justified when using ordinal data, because the 

comparisons assume that data can be artificially dichotomized in an increasing 

fashion (e.g. zero versus all others, one versus all others, and two versus all 

others), which is only feasible if the data are ordered. 



The cumulative logits model, using the notation explained above, is given 

(Agresti, 1990, p.321) by: 

^/=I°g(—~t 10 

No data are lost in this coding; the response probabilities are moved from the 

denominator to the numerator as multiple regressions are run. That is, the 

categories are grouped in such a manner as to lose no data in coding, but 

compare dichotomous sets in an ordered fashion. In this case, a combined test 

such as a three degrees of freedom chi-squared would be combining redundant 

information and would not be appropriate, as it was in the case of the 

continuation ratio coding scheme. 

The adjacent-categories logits model using the notation explained above, is 

given (Agresti, 1990, p. 318) by: 

I,=log(-^-), j = 1, . . -J-l. 11 

Each response probability is compared to the response probability adjacent to it 

DIF can therefore be isolated between neighboring categories, which is 

theoretically justified and even necessary with ordinal polytomous data. No 

overall test of DIF, such as the three degrees of freedom chi-squared used in the 

continuation ratio coding scheme can be used in this case, because redundant 

information would be combined in the overall test 
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The number of degrees of freedom used in testing therefore increases in the 

polytomous case. If there are four score categories within each item, then three 

degrees of freedom would be used in testing for uniform and for nonuniform 

DIF, for a total of six degrees of freedom expended per item analysis. In the 

case of the continuation ratio coding scheme, those six degrees of freedom can 

be expended in the omnibus test and in the case of the other coding schemes, 

those six degrees of freedom are divided among three separate regressions, which 

do not provide an omnibus result 

It is expected that because of the loss of data due to coding, the continuation 

ratio and adjacent categories coding schemes would be less powerful in detecting 

DIF than the cumulative logit coding scheme. However, the cumulative logit 

coding scheme does not have the three degrees of freedom chi-squared omnibus 

test like the continuation ratio coding scheme. Therefore, it may be more 

difficult to interpret the results overall for the item with the cumulative logit or 

the adjacent categories coding scheme than with the continuation ratio coding 

approach. 

Agresti (1990) also extends the G2 statistic for use with logistic regression in 

the polytomous case, as follows: G2 = -2(L2 - L{) for each model, where L 

stands for a likelihood function within any given model. When one wishes to test 
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a saturated against a hierarchical model, the equation would be G2(M2\Ml) = 

G2(M2) - G\Ml), (Agresti, 1990, p. 96), where M2 would be the saturated model, 

and M1 would be the hierarchical model, as described above. 

Muraki's Generalized Partial Credit Model 

Item scores in the simulation study presented in this paper were generated 

using Muraki's generalized partial credit model (Muraki, 1991), which gives the 

item-response density functions or item category characteristic curves (ICCCs), 

which are the polytomous analogs of the ICCs, as functions of a unidimensional 

latent ability, 0. This is a two-parameter logistic model for graded response data. 

This model without item notation can be written as 

j 
exp[E<a(0-£^)] 

Prob(U=u,\Q)= ^ , 12 
A3 C 
£exp[Ea(0-W] 
c-l 7-1 

where / represents the total possible categories in the item; j are the categories 

considered separately, where ; = 0, 1, 2,c is the category of interest; and 

m are the c-l categories before c, the category of interest 

In the polytomous case, the a parameter controls the steepness of the slope 

of the ICCCs. The b parameter represents the threshold in moving from one 

categoiy to another within the item. Rather than having the slope and threshold 

parameters be independent entities as they are in the dichotomous model, they 
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now interact and cannot be easily considered separately (Muraki, 1991). This 

may affect the interpretation of item functioning within an item; where 

nonuniform and uniform DIF could be clearly defined in the dichotomous case, it 

may not be so clear cut in the polytomous case. The fuzziness of the 

interpretation comes when the item is examined as a whole; for example, what 

definition of DIF is given to the item that has uniform DIF within each score 

category, but nonuniform DIF across score categories? This case of 

uniform/nonuniform DIF is studied and discussed in this paper. 

Statement of the Problem 

DIF detection using polytomous data is a new and relatively little researched 

topic in education. It is the puipose of this paper to investigate the use of 

logistic regression techniques in the detection of nonuniform DIF for polytomous 

data. 
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CHAPTER 2 

METHOD 

Variables 

A simulation study was conducted to attempt to test the logistic regression 

procedure for power in detecting nonuniform DIF in polytomous items. A test 

containing 25 simulated items was generated. Each item had four possible score 

categories, with a total possible score on the item ranging from zero to three. 

For each of the simulated tests, the last item was the one that simulated 

nonuniform DBF. Item response theory (IRT) methods were used in the 

generation of data for use in the simulation study described in this paper. 

Two sample sizes were used for each group, 500 and 2000, representing small 

and large sample sizes. Spray (1989) showed that the MH technique was robust 

down to sample sizes of 250 for each group, but because of the data omitted by 

the J-l codings of some of the logistic regression techniques a larger sample than 

250 seemed appropriate, thus 500 was selected. A sample size of 2000 was 

selected because this is the lower bound for most IRT methods and if logistic 

regression is to contend with these methods, it must be nearly as powerful as IRT 

methods at larger sample sizes while also being fairly accurate at smaller sample 

sizes. 
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Coding for Logistic Regressions 

Three regressions were run for each item analysis as that is J-\ comparisons, / 

being the number of score categories within each item, four in this case. Three 

different ordinal coding schemes for the regression analyses were used as 

outlined in Agresti (1990), each examining DIF using three regressions as 

explained in Chapter 1. The three analyses were called continuation ratio logits, 

adjacent categories, and cumulative logits. Continuation ratio logit analysis was the 

only one in which the results from the three regressions could be combined to 

give an overall, or omnibus test, in this case, a three degrees of freedom chi-

squared (one degree of freedom for each regression). Using this coding scheme, 

the zero score category was compared to all other categories combined. Then, 

those that received a score of one were compared to those that received a score 

of two and those that received a score of three. Finally, those that received a 

score of two were compared to those that received a score of three. 

Adjacent categories analysis compared categories that were adjacent to one 

another. Therefore, those that received a score of zero were compared to those 

that received a score of one; those that received a score of one were compared to 

those that received a score of two; and those that received a score of two were 

compared to those that received a score of three. 

Cumulative logit analysis was the only one that did not ignore certain score 

categories on selected regressions; the zero score category was compared to all 
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other score categories, the score category of one was compared to all other score 

categories and the score category of two was compared to all other score 

categories. Table 1 below summarizes these coding schemes. 

Table 1. Coding schemes for logistic regression on polytomous items 

Type of Regression Code as 9 Code as 0 Code as 1 

Regression (missing) 

Continuation Ratio 1 0 1 ,2 ,3  

2 0 1 2, 3 

3 0,1 2 3 

Cumulative Logits 1 0 1 ,2 ,3  

2 0,1 2, 3 

3 0,  1 ,2  3 

Adjacent Categories 1 2,3 0 1 

2 0 ,3  1 2 

3 0 ,1  2 3 



Item Parameters 

This study focused oil DIF caused by differences in the item parameters 

between the focal and reference groups. It did not examine DIF caused by 

underlying differences in ability between the focal and reference groups. The 

first three conditions in this simulation study varied only the a or discrimination 

parameter, creating the usual crossover condition of nonuniform DIF. The 

fourth condition varied only the b or difficulty parameters, creating nonuniform 

DIF across the item, but uniform DBF within each of the item score categories. 

For the focal and reference groups respectively, the first item parameter 

condition had discrimination indices of .5 and 1.0, the second had indices of .5 

and 1.5, and the third and most severe had indices of .5 and 2.0. These 

parameters were selected by trial and error and seem to encompass a reasonable 

range of differences. The plots of ICCCs for the focal and reference groups for 

conditions 1 through 3 are depicted in Figures 3, 4, and 5 respectively, in 

Appendix C. In the fourth condition only b parameters were varied and the 

direction of the variation changed across score categories. For the focal group, 

for each of four score categories, the bs were as follows: 0 for a score category 

of zero; -1 for a score category of one; 0 for a score category of two; and 2 for a 

score category of three. The first b represents a starting parameter for the data 

generation model, and should not be considered when comparing difficulties 

between the focal and reference groups. For the reference group, the bs were: 
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0; -2; 1; and 2. It was easier for the reference group to get a score of one than 

for the focal group (6s of -2 and -I, respectively) and it was harder for the 

reference group to get a score of two than for the focal group (bs of 0 and 1, 

respectively). This resulted in an overall nonuniform DIF for the item because 

of the differential difficulties between the groups across the item but uniform 

DIF within each score category. These b parameters were selected because they 

spread the groups out reasonably well along the theta (0) continuum. The plot 

of the ICCCs for the focal and reference groups for this condition is depicted in 

Figure 6, Appendix C. 

Of the 25 items, only the last contained simulated DIF. The remaining items 

had identical parameters for the focal and reference groups. The item 

parameters for the 25th item are summarized below: 

The item parameters for the remaining 24 items are listed in Table 3, 

Appendix B. The probabilities of response for the first 24 items on the simulated 

test remained the same across all simulation conditions and across the focal and 

reference groups. 
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Table 2. Parameters for the 25th item 

Focal Group Reference Group 

Condition 1234 1 234 

Parameter 

a 0.5 0.5 0.5 1.0 1.0 1.5 2.0 1.0 

bl 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

b2 -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -1.0 -2.0 

b3 0.0 0.0 0.0 0.0 0.0 0.0 0.0 1.0 

M 1.0 1.0 1.0 2.0 1.0 1.0 1.0 2.0 

Item Probabilities 

Item category probabilities were obtained from Murald's model. According 

to Muraki (1990, p. 4), "The Generalized Partial Credit model is formulated 

based on the assumption that the probability of choosing the fcth category over 

the fc-lst category is governed by the dichotomous response model." In the 

notation used in this paper, this would read "... the probability of choosing the 
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y'th category over the y'-lst category." This means that in order to find the 

probabilities of several item categories within a single item, one must find J-l 

probabilities, where J equals the number of categories within an item. For 

example, in this study, there were four score categories within each item and 

therefore three probabilities had to be generated; one each between the score 

categories of zero and one, one and two, and two and three. These probabilities 

are then summed over increasing categories, to create a cumulative probability. 

The cumulative probabilities between the scores of zero, one, two, and three 

were compared to a random deviate generated from a rectangular distribution of 

limits zero and one. If the probability of an examinee achieving a given score 

categoiy equalled or exceeded the uniform deviate, the item was scored at that 

category. 

To illustrate this procedure, imagine that the probability of receiving a score 

of one over a score of zero was .35, the probability of receiving a score of two 

over a score of one was .45, and the probability of receiving a score of three over 

a score of two was .20. The cumulative probability would then go from .35 to .80 

to 1.00. If a uniform random deviate of .65 were then drawn, a score of 2 would 

be assigned to that individual, as .65 lies between the probabilities of .35 and .80. 



The Simulation 

Computer simulations were conducted on an IBM PC 386, using Ryan-

McFarland Fortran. Ability estimates, or 6s were randomly generated from a 

standard normal distribution with a mean of zero and a standard deviation of 

one, and four conditions of a and b parameters as discussed above were used to 

simulate nonuniform DIF. The parameter estimates for these logistic regressions 

were obtained using maximum likelihood procedures, namely the Newton-

Raphson procedure. Parameters were estimated iteratively. Overall model fit 

was not tested in this simulation; only differences between models were tested. 

The simulations were repeated 100 times. Items were flagged as having 

significant DIF when the chi-squared statistics were significant at p < .05/25 or p 

< .002. This stringent p-value was an attempt to control for alpha slippage, by 

dividing the .05-level alpha by the number of items in the test, which was 25. 

Since the intent of this study was to simulate realify where detection of DIF 

creates additional work, it seemed more important to control for Type I than for 

Type II errors. The stringent alpha attempts to ensure that DIF is detected only 

when it exists, and not as often by chance alone. 

Hypotheses 

Before the results of this study could be interpreted, a good understanding 

about what these logistic regressions were modeling was necessary. The ICCCs 

as explained on page 37 are what is intended to be tested in DIF analysis, 
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however using logistic regressions on polytomous data yields different functions 

than the ICCCs. The artificial dichotomization of the data created different 

response functions to test than the ICCCs. The actual functions which are tested 

can be found in Figures 7 to 9, Appendix C. Each Figure contains four plots, 

one each for conditions 1 through 4. Each plot contains the response functions 

for each of the three regressions for both the focal and reference groups. It is 

important to note that these plots are not the same as ICCC plots; they do not 

represent the same information. While ICCCs represent response densities for 

each score category within an item, these plots represent the response densities 

of the data that were artificially dichotomized, in order to use logistic regression 

procedures to test for DIF in a polytomous item. 

The a, bl, b2, b3, and M parameters were conditioned on Muraki's model 

after the data were artificially dichotomized using one of the three coding 

schemes outlined on pages 40 and 41, and a probability was generated for each 

examinee. These probabilities, one each for the three regressions in each item 

analysis for the focal and reference groups, can be plotted against the ability, or 

0, distribution. 

Figure 7, Appendix C, which represents these cumulative probability plots for 

conditions one through four for the continuation ratio logit coding scheme, shows 

the curves intersecting between the focal and reference groups in each of the first 

three conditions. Therefore, nonuniform DIF can be expected to be detected 
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using logistic regression in these instances. Condition four, however, tells a 

different stoiy. The curves for the focal and reference groups do not intersect 

and therefore the statistic would incorrectly identify nonuniform DIF as uniform 

DIF. 

The third regression for condition four in Figure 7, Appendix C, needs some 

explanation. The curves for the focal and reference groups are identical and one 

is overlaid on the other. The reason for this is that these curves, based on 

Muraki's model, show the threshold values for belonging to a certain score 

category, as opposed to possible membership in other score categories. These 

threshold values are determined by the b values imposed on the data when 

conditioned on Muraki's model. In condition 4, the 64 values for the focal and 

reference groups are the same, and this b represents the threshold value between 

getting a score of two and a score of three. In the continuation ratio coding 

scheme, the third regression compares only a score value of two and a score 

value of three. Therefore, the proportion of examinees that scored a two and the 

proportion of examinees that scored a three in the focal and reference groups 

would be the same for the third regression in condition 4 of the continuation 

ratio coding scheme. 

A hypothesis can then be made that logistic regression will be powerful in 

detecting nonuniform DIF using the continuation ratio coding scheme for the 

first three item parameter conditions, but will not be powerful in detecting 
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nonuniform DIF in the fourth item parameter condition. Id this fourth 

condition, uniform rather than nonuniform DIF would be hypothesized to be 

detected for the first two regressions. A hypothesis of no DIF would be made 

for the third regression in condition four. 

For the cumulative logit coding scheme, as represented in Figure 8, Appendix 

C, a similar set of hypotheses can be made. It appears that the cumulative logit 

coding scheme would be powerful in detecting nonuniform DIF in the first three 

conditions and would not be powerful in detecting nonuniform DIF in the fourth 

condition, as with the continuation ratio coding scheme. In the fourth condition, 

uniform DIF would apparently be detected instead of nonuniform DIF. Notice 

that the curves do not overlap in the third regression within the fourth condition 

because a score category of three is compared with the score categories of zero, 

one, and two combined, rather than the score category of three as compared with 

the score category of two. This regression serves to point up an interesting fact 

of logistic regression, however. The artificial dichotomization of data using these 

three coding schemes either leaves one group with very small sample sizes, while 

the other has the remainder of the sample such as in the present case, or 

examinees are removed in the recoding of the data leaving a much smaller 

sample to work with, as with the adjacent categories coding scheme, which 

follows. This loss of examinees leads to reduced power in the logistic regression 

technique to detect DIF. Therefore, the small difference between the focal and 
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reference groups in the fourth condition for the cumulative logit coding scheme 

as shown in Figure 8, Appendix C, would be expected even if a large DIF were 

present in these score categories. By definition, not many examinees would be in 

a score category of three, which is compared to all other score categories 

combined and therefore, power of this statistic to detect nonuniform DIF would 

be reduced. 

Figure 9, Appendix C, shows the logistic regression plots for the adjacent 

categories coding scheme. The same set of hypotheses can be made about this 

set of plots as about the continuation ratio coding scheme, except that the focal 

group plots for each of the three regressions seem to be less spread out along the 

ability continuum in the first three conditions than in the continuation ratio 

coding scheme. Again, for the first three conditions, it appears that nonuniform 

DIF is being modeled and in the fourth condition, it appears that uniform, not 

nonuniform DIF is being modeled. The third regression in condition four for the 

adjacent categories coding scheme models the same score categories as the third 

regression in condition four of the continuation ratio coding scheme, that is a 

score category of two compared with a score category of three. Again, these 

curves overlap completely between the focal and reference groups and a 

hypothesis of no DIF would be made. 

Figures 7 through 9, Appendix C, make the type of DIF modeled by these 

data clear and easy to see. Unfortunately, this type of DIF is not the same as the 



DIF actually present in the item, as modelled by the ICCCs in Figures 3 through 

6, Appendix C. This may create problems in the interpretation of the results. 
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CHAPTER 3 

RESULTS 

Introduction 

Before actual results are discussed, an introduction to terminology may be 

helpful. 'Power' is the number of times DIF is detected when it in fact exists in 

the item. Power was calculated in this study as the proportion of all correct 

detections of DIF in the 25th item across the 100 replications of the study. In 

the case of the three degrees of freedom chi-squared statistic, power was 

calculated as the proportion of all correct detections of DIF in the 25th item 

across the 300 replications of the study, that is, 100 replications each of three 

separate regressions. 'Coding scheme' is the term used for the coding schemes in 

Agresti (1990) used for analyzing polytomous data with a dichotomous logistic 

procedure, such as logistic regression. In the results tables, 'First', 'Second,' and 

'Third' under the heading 'Regression' stand for the first, second, and third 

regressions for each of the coding schemes as outlined in Table 2. 'Uniform' and 

'nonuniform' in the results Tables are the titles for the chi-squared statistics that 

tested the significance of the /32 and /?3 coefficients, respectively. It is important 

to note here that while only nonuniform DIF was modeled in the item discussed 

here, it may be that uniform and nonuniform DIF cannot be clearly distinguished 

in the polytomous case, therefore both are reported in this section. 
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The results are summarized in Tables 4 to 15, Appendix B. There are 12 

tables of results, one for each of the four conditions under each of the three 

coding schemes. In every table, results for both uniform and nonuniform DIF 

are given for each of the three regressions, at sample sizes of 500 and 2000. The 

power indices will be discussed at length in the results section, since these are the 

indices which most clearly indicate the viability of logistic regression procedures 

in detecting nonuniform DIF, as investigated in this study. 

As well as changes in the artificial dichotomization of the data (coding 

schemes) and changes in sample size, changes in the item parameters affected 

detection rates of nonuniform DIF. The first three item parameter conditions 

varied the a parameter between the focal and reference groups respectively, from 

0.5 and 1.0 for the first condition, to 0.5 and 1.5 for the second condition, to 0.5 

and 2.0 for the third condition. This increase in the difference between a 

parameters between the focal and reference groups from the first to the third 

conditions should 'spread out' the ICCCs more from the first the third 

conditions. Therefore, nonuniform DIF in the 25th item should be detected 

more often in the second condition than in the first, and more often in the third 

condition than in the second. The fourth condition varies the b parameters 

associated with each score category, from 0.0 and 0.0 for a score category of zero 

(which is simply a starting place for the model and should not be considered a 

difficulty parameter per se), to -1.0 and -2.0 for a score category of one, to 0.0 
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and 1.0 for a score category of two, to 2.0 and 2.0 for a score categoiy of three, 

for the focal and reference groups, respectively. Receiving a score category of 

three was equally difficult for examinees of equal abilities in the focal and 

reference groups. Receiving a score categoiy of one was more difficult for 

examinees of equal abilities in the focal group than in the reference group and 

receiving a score categoiy of two was more difficult for examinees of equal 

abilities in the reference group than in the focal group. 

Continuation Ratio 

Table 4, Appendix B, shows the results for the continuation ratio coding 

scheme at the first item parameter condition. The first and second regressions 

detected nonuniform DEF roughly 25% and 27% of the time, respectively. The 

third regression detected nonuniform DIF only 4% of the time and the three 

degrees of freedom chi-squared detected nonuniform DIF 19% of the time. The 

three degrees of freedom chi-squared had a lower detection rate than the single 

degree of freedom tests because of the third regression. The third regression 

probably had lower power to detect nonuniform DIF because of sparsity of data 

at the upper end of the ability distribution. The third regression models the 

probability of getting a score of two over getting a score of three for the focal 

and reference groups. Few examinees would be located this far out in the ability 

distribution due to the preselected parameters of this simulation, therefore an 

outlier examinee would bias the results. 
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Uniform DIF was not often detected for the sample size of 500; it ranged 

from 1% for the 1st and second regressions to 5% for the third regression. The 

overall three degrees of freedom chi-squared showed a detection rate for uniform 

DIF of 2%. 

The larger sample size of 2000 had more power to detect nonuniform DEF. 

The detection rates for the first and second regressions were high at 93% and 

96%, respectively. The detection rate of nonuniform DIF for the third regression 

increased to 47% and the overall detection rate for nonuniform DIF with the 

three degrees of freedom chi-squared was 79%. Uniform DIF was detected in 

low quantities for the first two regressions, at 1% and 4% respectively, and at 

31% for the third regression and 12% for the three degrees of freedom chi-

squared. Again, power to detect uniform DIF was probably so high for the three 

degrees of freedom chi-squared because of the high power to detect uniform DIF 

for the third regression, which is likely due to an outlier in either the focal or 

reference groups, because the two score categories tested in the third regression 

contained so few examinees. 

Table 5, Appendix B, representing the results of the second item parameter 

condition for the continuation ratio coding scheme, shows that the power of this 

statistic to detect nonuniform DIF was increased by the increased distance 

between the a parameters in the second condition. For example, for a sample 

size of 500 the detection rate of nonuniform DIF increased from roughly 25% for 
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the 1st and 2nd regressions to 88% and 84%, respectively because of the larger 

distance between the a parameters. Even the detection rate for the 3rd 

regression increased from 4% to 36%. The overall power for the three degrees 

of freedom chi-squared increases from 19% for the first condition to 69% in the 

second condition. Uniform DIF detection rates seemed to stay relatively small, 

at 2%, 1%, and 9% for the 1st, 2nd, and 3rd regressions respectively, and at 4% 

for the three degrees of freedom chi-squared. 

The larger sample size of 2000 yielded more power for detecting nonuniform 

DIF, but also a larger rate of detection of uniform DIF. The power to detect 

nonuniform DIF was 100% for the 1st and 2nd regressions and 98% for the 3rd 

regression, while it was 99% for the three degrees of freedom chi-squared. The 

unifonn DIF detection rate was 10%, 19%, and 62% for the 1st, 2nd, and 3rd 

regressions respectively. The uniform DIF detection on the third regression was 

probably so large because of the scarcity of data at those score levels. The 

uniform DIF detection rate was 30% at the three degrees of freedom chi-

squared, enlarged due to the results of the third regression. 

Condition 3 of the continuation ratio coding scheme, as shown in Table 6, 

Appendix B, yielded even better detection of nonuniform DIF at small sample 

sizes, because the a parameter is quite spread out between the focal and 

reference groups. For a sample size of 500, the detection rate for nonuniform 

DIF was 99%, 99%, and 73% for the 1st, 2nd, and 3rd regressions and 90% for 



the three degrees of freedom chi-squared. The uniform DIF detection rate 

increased a small amount from condition 2, to 6%, 4%, and 19% for the 1st, 2nd, 

and 3rd regressions respectively, and 10% for the three degrees of freedom chi-

squared. The larger sample size yielded perfect detection for the nonuniform 

DIF, but also a larger detection rate for uniform DIF of 32%, 26%, and 93% for 

the 1st, 2nd, and 3rd regressions respectively, and 50% for the three degrees of 

freedom chi-squared. 

Condition 4 of the continuation ratio coding scheme, as shown in Table 7, 

Appendix B, indicated a shift in the detection rate of DIF from nonuniform to 

uniform. Also, the rate of detection for the third regression dropped to zero. 

For the smaller sample size, 500, the nonuniform hit rate was 1%, 2%, and 0% 

for the 1st, 2nd, and 3rd regressions respectively, and 1% for the three degrees of 

freedom chi-squared. The uniform detection rate was 100%, 77%, and 0% for 

the 1st, 2nd, and 3rd regressions respectively, and 59% for the three degrees of 

freedom chi-squared. 

For the larger sample size the ability to detect uniform DIF increased, and 

the ability to detect nonuniform DIF increased to a much smaller degree. The 

power of the regressions to detect nonuniform DIF was 0%, 13%, and 0% for 

the 1st, 2nd and 3rd regressions respectively, and 4% for the three degrees of 

freedom chi-squared. The detection rate for uniform DIF was 100%, 100%, and 

0% for the 1st, 2nd, and 3rd regressions respectively, and 67% for the three 
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degrees of freedom chi-squared. This change in the detection of DIF from the 

first three conditions probably was the result of the type of DIF modeled by 

condition four, as shown in Figure 9, Appendix C. It differed from the first three 

conditions in that the bs were altered between groups, but the as remained the 

same. This resulted in uniform DIF within each of the score categories, but 

nonuniform DIF across the item as a whole. Logistic regression models DIF in 

the polytomous case by comparing score categories which are artificially 

dichotomized in a series of regressions; it does not look at the item as a whole 

and therefore it was expected in this fourth condition that uniform rather than 

nonuniform DIF would be detected. This seemed to be exactly what did, in fact, 

occur. The DIF detection rate of zero for the third regression was also expected, 

in that a score of two was compared to a score of three, and in the fourth 

condition, the threshold value for M was the same for both the focal and 

reference groups. Therefore, the plots for the focal and reference groups in this 

regression overlap completely, because the same proportion of examinees are 

expected to fall in the score category of two and the score category of three and 

no DIF should be detected. 

Cumulative Logits 

The cumulative logit coding scheme is conceptually much like the 

continuation ratio coding scheme, except that a) there is no three degrees of 

freedom chi-squared omnibus test and b) no data are lost in coding these 
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regressions. This should make the detection rate for the each of the three 

regressions higher overall than with the continuation ratio coding scheme. 

Table 8, Appendix B, shows the results for the cumulative logit coding 

scheme for the first item parameter condition. The power for detecting 

nonuniform DIF for the sample size of 500 was 27%, 55%, and 21%, for the 1st, 

2nd, and 3rd regressions respectively. The uniform DIF detection rate was 1%, 

0%, and 1% for the 1st, 2nd, and 3rd regressions respectively. For the larger 

sample size of 2000, the power for detecting nonuniform DIF was 93%, 100%, 

and 96% for the 1st, 2nd, and 3rd regressions respectively, and the uniform DBF 

detection rate was 1%, 0%, and 4% for the 1st, 2nd, and 3rd regressions 

respectively. 

The second condition, as depicted in Table 9, Appendix B, shows even better 

accuracy in DIF detection. The detection rate for nonuniform DIF for the 

sample size of 500 was 84%, 97%, and 78% for the 1st, 2nd, and 3rd regressions 

respectively, and the uniform detection rate was 1%, 0%, and 0% for the 1st, 

2nd, and 3rd regressions respectively. The larger sample size of 2000 showed 

perfect accuracy in nonuniform detection rate for each of the three regressions 

and a relatively small detection rate of uniform DIF of 10%, 0%, and 10% 

respectively for the 1st, 2nd, and 3rd regressions. 

Table 10, Appendix B, presents the results for condition 3 of the cumulative 

logit coding scheme. This condition represented the largest separation between 
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the a parameters. The nonuniform DIF detection rate was largest of all the 

coding schemes, without as much of the additional uniform DIF detection. For 

the smaller sample size of 500, the power to detect nonuniform DIF was 99%, 

100%, and 97%, for the 1st, 2nd, and 3rd regressions respectively, while the 

uniform detection rates were 4%, 1%, and 1% for the 1st, 2nd, and 3rd 

regressions respectively. The larger sample of 2000 had perfect power in 

detecting nonuniform DIF for all regressions and had uniform detection rates of 

26%, 1%, and 18% for the 1st, 2nd, and 3rd regressions respectively. 

Table 11, Appendix B, gives the results for condition 4 of the cumulative logit 

coding scheme. Again, as with the continuation ratio coding scheme, the 

detection power of the logistic regression procedure appeared to reverse from 

nonuniform to uniform DIF. The power for the smaller sample size of 500 to 

detect nonuniform DIF is 2%, 0%, and 0% for the 1st, 2nd, and 3rd regressions 

respectively, while the detection rate for uniform DIF was 77%, 99%, and 6% for 

the 1st, 2nd, and 3rd regressions respectively. For the larger sample size of 2000, 

the detection rate for nonuniform DIF was 13%, 1%, and 0% for the 1st, 2nd, 

and 3rd regressions respectively, and the detection rate for nonuniform DIF was 

100%, 100%, and 50% for the 1st, 2nd, and 3rd regressions respectively. 

The third regression in the fourth condition was once again problematic in 

the cumulative logit coding scheme, although not as much so as in the 

continuation ratio coding scheme. Although the score category of three is still 
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more sparse than the other two score categories, there is no data lost in recoding 

for the regressions. Therefore, when a response probability of getting a score of 

three is modeled, it is compared to all the other probabilities, rather than simply 

to a response probability of two. Therefore, looking at Figure 10, Appendix C, 

while the plots for the third regression between the focal and reference groups in 

condition four are not identical, they are veiy similar. The probability of getting 

a score of three (M) in this condition is identical for both the focal and reference 

groups and therefore the numerator of each logit is the same and only the 

denominators differ. 

Adjacent Categories 

The adjacent categories coding scheme ignores two score categories in each 

regression, so it would be expected to be less powerful in detecting nonuniform 

DIF than the continuation ratio and cumulative logit coding schemes. In fact, 

this proved to be true. Table 12, Appendix B, shows the results for the first item 

parameter condition of the adjacent categories coding scheme. The detection 

rate was poor at best, with a detection rate for nonuniform DIF for the smaller 

sample size of 500 at 3%, 3%, and 4% for the 1st, 2nd, and 3rd regressions 

respectively, and a detection rate for uniform DIF of 0%, 0%, and 5% for the 

1st, 2nd, and 3rd regressions respectively. For the larger sample size of 2000, the 

nonuniform DIF detection rate was 0%, 32%, and 47% for the 1st, 2nd, and 3rd 

regressions respectively, while the uniform DIF detection rate was 0%, 0%, and 
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31% for the 1st, 2nd, and 3rd regressions respectively. The larger detection rate 

for the 3rd regression is probably due to the sparsity of data at the highest score 

categories, since the third regression compares those at a score category of 2 to 

those at a score category of 3, as in the third regression of the continuation ratio 

coding scheme. Therefore, an outlier examinee in the focal or reference group at 

a score level of 2 or 3 would affect the results of this regression. 

In the second condition, the power of the test increased somewhat From 

Table 13, Appendix B, the detection rate for nonuniform DIF for the sample size 

of 500 was 1%, 30%, and 36%, for the 1st, 2nd, and 3rd regressions respectively. 

Detection rate for uniform DIF was 0%, 0%, and 9% for the 1st, 2nd, and 3rd 

regressions respectively. For the larger sample size of 2000, the rate of detection 

for nonuniform DIF was 8%, 94%, and 98% for the 1st, 2nd, and 3rd regressions 

respectively, and the detection rate for uniform DIF was 2%, 0%, and 62% for 

the 1st, 2nd, and 3rd regressions respectively. Again, the results of the third 

regression should be interpreted with caution, since the uniform DIF detection 

rate is almost as high as the nonuniform DIF detection rate for a sample size of 

2000. 

In the third condition, power for detecting DIF continued to increase, 

although the technique is still not as powerful as the continuation ratio or 

cumulative logit procedure. From Table 14, Appendix B, for the sample size of 

500, the detection rate for nonuniform DIF was 3%, 45%, and 73% for the 1st, 
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2nd, and 3rd regressions respectively, and the detection rate for uniform DIF was 

3%, 0%, and 19% for the 1st, 2nd, and 3rd regressions respectively. For the 

sample size of 2000, the rate of detection for nonuniform DIF was 34%, 100%, 

and 100% for the 1st, 2nd, and 3rd regressions respectively, and the detection 

rate for uniform DIF was 5%, 0%, and 93% for the 1st, 2nd, and 3rd regressions 

respectively. Again, the results of the third regression should be interpreted 

carefully, since the detection rate for uniform DIF was almost as large as the 

detection rate for nonuniform DIF. This result could be caused by an outlier 

case in the small amount of data that was being compared at these score levels. 

The fourth condition for the adjacent categories coding scheme, like the 

continuation ratio and cumulative logit coding schemes, flagged DBF as being 

uniform, when in fact it is nonuniform. From Table 15, Appendix B, for the 

sample size of 500, the detection rate for nonuniform DIF was 0% in each case. 

The detection rate for uniform DIF, however, was 99%, 100%, and 0% for the 

1st, 2nd, and 3rd regressions respectively. For the larger sample size, the 

detection rate was much the same. For nonuniform DIF the detection rate was 

0% in each case and the detection rate for uniform DIF was 100%, 100%, and 

0% for the 1st, 2nd, and 3rd regressions respectively. DIF was not detected at all 

in the case of the third regression, for the same reasons as in the case of the 

continuation ratio coding scheme. The b values estimate thresholds between 

item categories j and j+1 and these thresholds are identical in the third 



64 

regression of condition four between the reference and focal groups. Therefore, 

the plots of cumulative probabilities were identical for both the focal and 

reference groups in this case. 

The adjacent categories coding scheme did show some interesting results 

about where DIF appears to reside in the item. The technique is most powerful 

in detecting nonuniform DIF in the middle of the distribution, in this case in the 

second regression, when a score category of one is compared to a score category 

of two. However, as one can see from Table 2, Appendix B, the DIF is evenly 

spread throughout the item, for conditions 1 to 3, since there is an overall 

difference between the two groups, as evidenced in the difference in the a 

parameter between them. The bs remain the same for both groups for each 

score category, therefore, DIF should not reside in one score category more than 

in the others. The reason for this disparity of DIF detection, then, may be in the 

difference in numbers of examinees in each of the score categories. 



CHAPTER 4 

CONCLUSIONS AND SUGGESTIONS FOR FUTURE RESEARCH 

Conclusions 

Looking at Tables 4 to 15, Appendix B, in the broadest possible sense, the 

results discussed above indicate that with large sample sizes, in this case 2000, 

logistic regression is overall a viable alternative in detecting nonuniform DIF in 

polytomous items. Nonuniform DIF was still detected using logistic regression 

techniques with smaller sample sizes, in this case 500, but the power was much 

lower. Examining across coding schemes for condition 1, power to detect 

nonuniform DIF for a sample size of 500 ranged from a low of .03 (DIF was 

correctly detected 3% of the time), to a high of .55 (DIF was correctly detected 

55% of the time). For condition 2, power ranged from a low of .01 to a high of 

.97. For condition 3, power ranged from a low of .03 to a high of 1.00. Finally, 

for condition 4, power ranged from a low of .00 to a high of .02. Uniform DIF, 

across coding schemes for a sample size of 500, ranged from .00 to .05 for 

condition 1, .00 to .09 for condition 2, .00 to .19 for condition 3, and .00 to 1.00 

for condition 4. Power was much greater with larger sample size. For a sample 

size of 2000, nonuniform DIF power ranged from .00 to 1.00 for condition 1, 

from .08 to 1.00 for condition 2, from .34 to 1.00 for condition 3, and from .00 to 

.13 for condition 4. Uniform DIF power ranged from .00 to .31 for condition 1, 

from .00 to .62 for condition 2, from .00 to .93 for condition 3, and from .00 to 
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1.00 for condition 4. Note that although the detection rates increase overall with 

larger sample sizes, the variability in the power of the regressions to detect DIF 

also increases. 

Some coding schemes appeared to work better than others in detecting 

nonuniform polytomous DIF. The continuation ratio and cumulative logit coding 

schemes seemed to be best able to detect nonuniform DIF except in the case of 

condition four, which will be discussed later. The continuation ratio scheme had 

the easier three degrees of freedom omnibus test to interpret, but this statistic 

seemed to be less powerful for detecting DIF than the three single degree of 

freedom tests. That is, the power is lower for the three degrees of freedom chi-

squared than for the largest of the single degree of freedom chi-squared tests. 

If the coding rubric for the continuation ratio and cumulative logit analyses 

are compared, the similarity between the two quickly becomes apparent In each 

case, categories are being collapsed and compared with other categories. The 

most obvious difference between the two is that the continuation ratio procedure 

loses data in the second and third codings, while the cumulative logit procedure 

keeps all the data for each coding. One would expect the cumulative logit 

procedure to be more powerful than the continuation ratio procedure, since no 

data are lost in the three separate regressions and indeed this is the case, both at 

sample sizes of 500 and 2000. There is a tradeoff here, however, in that the 

cumulative logit procedure has no way in which to combine data into an overall 
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omnibus test and the continuation ratio procedure has that attractive capability. 

See Tables 16 to 19, Appendix B, for a comparison of nonuniform DDF detection 

rates for the continuation ratio and cumulative logit procedures across the four 

parameter conditions, for the larger sample sizes of 2000. 

The adjacent category coding scheme lost large amounts of data in all three 

codings and was less powerful in detecting nonuniform DIF than the other two 

procedures. However, the adjacent category coding scheme has the capability of 

comparing directly between categories, which may aid in looking for the location 

of DIF within an item. 

Summary 

To summarize the results for conditions 1 to 3, the larger samples were more 

powerful in detecting DIF, that is, nonuniform DIF was detected more frequently 

with the larger sample of 2000 than with the smaller sample of 500. Also, as the 

differences in item parameters increased between the two groups, as in going 

from condition one to condition three, nonuniform DIF and uniform DIF were 

detected more frequently for each coding scheme. Finally, as more data were 

lost in coding, the statistic became less powerful in detecting nonuniform DIF. 

The fourth condition varied the bs differentially in order to model 

nonuniform DIF within an item, but uniform DIF within a score category. 

Under this condition, the logistic regression methods investigated were able to 

detect uniform DIF, but not nonuniform DIF. This is not surprising, since 
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logistic regression in the polytomous case compares artificially dichotomized 

score categories to each other, as depicted in Figures 7 to 9, Appendix C, and 

does not actually look at the item as a whole. The results however would be 

misleading for the researcher who did not plot out the ICCCs of the focal and 

reference groups on that particular item, because the conclusion would be of 

uniform rather than nonuniform DIF. The results from the logistic regressions 

for condition four illustrate dramatically the main problem with using these 

procedures to detect nonuniform DIF: The regressions are not intended to 

examine the item as a whole, but to compare response categories within the item 

to each other. 

Logistic regression techniques therefore appear to work for one of the two 

specific types of nonuniform polytomous DIF examined in this study, that is 

traditional crossover nonuniform DIF, but does not appear to work for the other 

type of nonuniform polytomous DIF, that is DIF that is uniform within score 

categories and nonuniform across score categories. It seems, therefore, that this 

technique may be more of a problem than an advantage over the MH technique, 

since it is more awkward and time consuming to interpret and detects DIF only 

under a specific, although important, form of nonuniform DIF that the MH 

technique does not detect. 
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Suggestions for Future Research 

One point that became clear as this study progressed was that using the 

logistic regression technique for DIF detection with polytomous data is quite 

awkward. Only one of the coding schemes allows the results to be combined into 

an omnibus test and when the results are combined the statistic appears to 

become less powerful than when the three regressions are examined separately 

using that coding scheme. Tiying to come up with overall conclusions about the 

presence of DIF in an item, based on J-l regressions, is difficult at best Logistic 

regression is both time consuming and cumbersome as a flagging device to detect 

nonuniform DIF in polytomous items. It does not appear to be a viable 

alternative in the omnibus detection of nonuniform polytomous DIF within an 

item. 

However, valuable information is gained by comparing different combinations 

of the score categories. In this manner, one can pinpoint exactly where DIF 

resides in an item. The adjacent categories coding scheme for polytomous 

logistic regression may be useful in examining the location of the interaction 

between group membership and score level. This may be a useful technique in 

the post hoc investigation of graded response items that have previously been 

flagged as having uniform or nonuniform DIF. Since different groupings of 

response categories are combined in a dichotomous fashion, which response 

categories favor which groups can be examined, especially if groups are favored 



70 

differentially across the response categories. Also, if this form of logistic 

regression were used as a post hoc technique for investigating a polytomous item 

like that represented by condition four previously flagged as having nonuniform 

DIF, logistic regression procedures could flag the uniformity of DIF within each 

of the score categories. 

A technique is necessary which provides similar accuracy to IRT techniques 

without the need for large samples and extensive knowledge of IRT necessary to 

perform many of these procedures. Logistic regression simply is not able to 

detect nonuniform DIF that occurs across score categories, but not within score 

categories, and it also is awkward to use in an omnibus fashion. Other 

techniques need to be examined to 'fit the bill', in fact, such research is 

continuing at ACT (see Miller & Spray, 1992, and Miller, Spray, & Wilson, 

1992). However, logistic regression should not simply be forgotten as a technique 

to examine nonuniform polytomous DIF. This technique may be viable in the 

post hoc analysis of items previously flagged as having DIF, to see where the DBF 

resides within the score categories. The adjacent categories coding scheme may 

be best for this post hoc analysis, but more research needs to be done on the 

coding schemes outlined in this paper as well as other coding schemes which are 

sure to exist in order to determine which types of coding schemes are best under 

different conditions. 
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It is important to examine techniques for DIF detection that are accurate, 

time efficient and do not require extensive methodological knowledge, because 

practitioners in the field of educational research need to be conducting DIF 

detection studies on their populations of interest and if the techniques are 

beyond them these practitioners will not have the tools necessary to detect and 

change items that are functioning differently for different groups within their 

population. The logistic regression procedure does not appear to provide the 

ease of use and interpretation required for practitioners in the field to be able to 

use it readily and easily. 

Finally and perhaps most importantly, logistic regression procedures in the 

polytomous case do not model what is intended to be modeled. When ICCCs 

are modeled, they contain item-response density functions for each of the score 

categories, which provide a direct measure of the difference between the focal 

and reference groups under each score category. These are what is intended to 

be modeled when a DIF analysis is run on polytomous data. The data must be 

artificially dichotomized in order to model logistic regression and the resulting 

response functions do not model the same thing as the ICCCs. Therefore, the 

questions that can be posed about DIF resident in an item cannot be properly 

answered by the polytomous logistic regression procedure. Although mostly 

correct answers to those questions about DIF in polytomous items were found in 

this study, that is, nonuniform DIF was found in the 25th item in most cases, 
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those correct answers were in response to the wrong question. On the basis of 

this alarming information, it is strongly recommended that logistic regression 

procedures should not be used in omnibus DIF detection in polytomous items. 

However, the adjacent categories coding scheme would still be helpful in isolating 

the location and type of DIF that resides within score categories, in a post hoc 

fashion. 



APPENDIX A 

COMPUTER SIMULATION PROGRAM 
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Program LOGREG 

Implicit Double Precision (A-H.O-Z) 

Real*8 af(25), bf(4,25) 
Real*8 ar(25), br(4,25), SEED, delta 
Real*8 Xf(4),Xr(4),LLHF(2:4),rf(25,0:25),rr(25,0:25) 
Real^S bold(4,2:4),bnew(4,2:4),INF(4,4),CHIBAR(25,2) 
Real*8 thetaf(2000), thetar(2000), P(4), term2(4), CP(0:4) 
ReaPS svec(4),varf,varr,nf(25,0:25),nr(25,0:25),maxit, term 1 
Real*8 nfw,nrw,srw,sfw,srr,sfr,ssr,ssf,termCtermr,temp 
Integers s, k, q, FLAG(25,2), X3(4000,25), X2(4000) 
Integer*2 nl26, j 
Common/Blockl/X2, X3, NFtot, NRtot, nitems, neat 

OPEN(l,file='INPUT) 

This set of commands reads in the number of items in the test, the number of 
categories within each item, the seed for the random number generator, the 
mean and standard deviation for the thetas, and the sample sizes of the focal 
and reference groups. 

read(l,*) nitems, neat 
read(l,*) SEED 
read(l,*) nrep 
read(l,*) xbarf, varf 
read(l,*) xbarr, varr 
read(l,*) NFtot 
read(l,*) NRtot 

close(l) 

Set up the random number generator 

SEED2 = SEED 
CALL RANSET(SEED) 

Open files with item parameters and read 
Focal group, a, 61, b2, b3, M 
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open(15,file='fbias',status='old') 
read(15,*) (af(j),(bf(k,j),k=l,ncat),j=l,nitems) 

close(15) 

* Reference group, a, bl, b2, 63, M 

open(16,file='rbias',status='old') 
read(16,*) (ar(j),(br(k,j),k= l,ncat),j=l,nitems) 

close (16) 

* Set up the program, set flags to zero 

sdf = DSQRT(varf) 
sdr = DSQRT(varr) 

do 10 j = l,nitems 
FLAG(j,l) = 0 
FLAG(j,2) = 0 
CHEBAR(j,l) = 0.0 
CHIBAR(j,2) = 0.0 

10 continue 

CP(0) = 0.0 

do 20 krep = l,nrep 
do 21 i = l,(NFtot + NRtot) 

X2(i) = 0 
21 continue 

* Generate thetas for focal group 

do 30 i = l,NFtot 
thetaf(i) = GGNML(W) 
thetaf(i) = thetaf(i)*sdf 
thetaf(i) = thetaf(i) + xbarf 



* Set up item response scores for focal group 

do 40 n = l,nitems 
U = RANF(W) 
gsum = 0.0 
do 41 k = l,ncat 

terml = 0.0 
do 42 1 = 1,1c 

terml = terml + af(n)*(thetaf(i)-bf(l,n)) 
42 continue 

term2(k) = dexp(terml) 
gsum = gsum + term2(k) 

41 continue 
do 43 k = l,ncat 

P(k) = term2(k)/gsum 
43 continue 

do 44 k = l,ncat 
CP(k) = 0.0 
do 44 1 = l,k 

CP(k) = CP(k) + P(l) 
44 continue 

* Assign item response scores for focal group 

do 45 k = 0,ncat-l 
if(U .It. CP(k+1) .and. U .ge. CP(k)) then 

X3(i,n) = k 
go to 46 

end if 
45 continue 
46 X2(i) = X2(i) + X3(i,n) 

* Code polytomous responses as dichotomous 

* Continuation Ratio: a) leave 0, code all others as 
* b) remove 0, code 1 as 0, code 2 and 3 as 1; 
* c) remove 0 and 1, code 2 as 0 and 3 as 1. 
* Cumulative Logit: a) leave 0, code all others as 1; 
* b) code 0 and 1 as 0, code 2 and 3 as 1; 
* c) code 0, 1, and 2 as 0, code 3 as 1. 
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* Adjacent Categories: a) remove 2 and 3, leave 0 and 1; 
* b) remove 0 and 3, code 1 as 0 and 2 as 1; 
* c) remove 0 and 1, code 2 as 0 and 3 as 1. 

* The example provided here is logistic regression a of the Continuation Ratio 
* coding scheme. 

40 continue 
do 47 jj=l,nitems 

if(X3(ijj).eq.O) then 
X3(i,jj) = 0 

end if 
if(X3(ijj).eq.l) then 

X3(i,jj) = 1 
end if 
if(X3(ijj).eq.2) then 

X3(ijj) = 1 
end if 
if(X3(ijj).eq.3) then 

X3(i,ij) = 1 
end if 

47 continue 
30 continue 

* Generate thetas for reference group 

do 50 i = l.NRtot 
thetar(i) = GGNML(W) 
thetar(i) = thetar(i)*sdr 
thetar(i) = thetar(i) + xbarr 

* Set up item response scores for reference group 

do 60 n = l,nitems 
U = RANF(W) 
gsum = 0.0 
do 61 k = l,ncat 

terml = 0.0 
do 62 1 = l,k 

terml = terml + ar(n)*(thetar(i)-br(l,n)) 



62 continue 
term2(k) = dexp(terml) 
gsum = gsum + dexp(terml) 

61 continue 
do 63 k = l,ncat 

P(k) = term2(k)/gsum 
63 continue 

do 64 k = l,ncat 
CP(k) = 0.0 
do 64 1 = l,k 

CP(k) = CP(k) + P(l) 
64 continue 

* Assign item response scores for reference group 

do 65 k = Q,ncat-1 
if(U .It CP(k+1) .and. U .ge. CP(k)) then 

X3(i+NFtot,n) = k 
go to 66 

end if 
65 continue 
66 X2(i+NFtot) = X2(i+NFtot) + X3(i+NFtot,n) 

* Code polytomous responses as dichotomous 

* Continuation Ratio: a) leave 0, code all others as 1; 
* b) remove 0, code 1 as 0, code 2 and 3 as 1; 
* c) remove 0 and 1, code 2 as 0 and 3 as 1. 
* Cumulative Logit: a) leave 0, code all others as 1; 
* b) code 0 and 1 as 0, code 2 and 3 as 1; 
* c) code 0, 1, and 2 as 0, code 3 as 1. 
* Adjacent Categories: a) remove 2 and 3, leave 0 and 1; 
* b) remove 0 and 3, code 1 as 0 and 2 as 1; 
* c) remove 0 and 1, code 2 as 0 and 3 as 1. 

* The example provided here is logistic regression a of the Continuation Ratio 
* coding scheme. 



60 continue 

do 67 ii = l,nitems 
if(X3(i+NFtot,ii).eq.O) then 

X3(i+NFtot,ii) = 0 
end if 
if(X3(i+NFtot,ii).eq.l) then 

X3(i+NFtot,ii) = 1 
end if 
if(X3(i+NFtot,ii).eq.2) then 

X3(i+NFtot,ii) = 1 
end if 
if(X3(i+NFtot,ii).eq.3) then 

X3(i+NFtot,ii) = 1 
end if 

67 continue 
50 continue 

* Set up contingency table cells for focal and reference groups. 

do 68 n = l,nitems 
do 68 s = 0,nitems 

nf(n,s) = 0 
nr(n,s) = 0 
rf(n,s) = 0 
rr(n,s) = 0 

68 continue 

* Fill the table cells for the focal group 

do 70 i = l,NFtot 
itot = 0 
do 71 j = l,nitems 

if(X3(i,j) .eq. 1) itot = itot + 1 
71 continue 

do 72 j = l.nitems 
if(X3(i,j).ne.9) then 

nf(j,itot) = nf(j,itot) + 1 
end if 
if(X3(i,j) .eq. 1) rf(j,itot) = rf(j,itot) + 1 



72 continue 
70 continue 

* Fill the table cells for the reference group 

do 73 i = l.NRtot 
itot = 0 
do 74 j = 1,nitems 

if(X3(i+NFtot,j) .eq. 1) itot = itot + 1 
74 continue 

do 75 j = l,nitems 
if(X3(i+NFtot,j).ne.9) then 

nr(j,itot) = nr(j,itot) + 1 
end if 
if(X3(i+NFtot,j) .eq. 1) then 

rr(j,itot) = rr(j,itot) + 1 
end if 

75 continue 
73 continue 

maxit = 10 
delta = .OldO 

do 80 j = l,nitems 

* Check to see if all responses to item j are either 0 or 1. 
* If yes, then add an extreme case to that group (so groups will vary). 

isumf = 0 
isumr = 0 

do 81 s = 0,nitems 
isumf = isumf + rf(j,s) 
isumr = isumr + rr(j,s) 

81 continue 

nl26 = nitems + 1 
if(isumf .eq. 0) then 

rf(j,nitems) = 1 
nf(j, nitems) = nf(j,nitems) + 1 
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NFtot = NFtot + 1 
end if 
if(isumf .eq. NFtot) then 

rf(j,nl26) = 0 
nf(j,nl26) = nf(j,nl26) + 1 
NFtot = NFtot + 1 

end if 
if(isumr .eq. 0) then 

rr(j,nitems) = 1 
nr(j,nitems) = nr(j,nitems) + 1 
NRtot = NRtot + 1 

end if 
if(isumr .eq. NRtot) then 

rr(j,nl26) = 0 
nr(j,nl26) = nr(j,nl26) + 1 
NRtot = NRtot + 1 

end if 

do 82 index = 1,3 
model = 5 - index 

* Begin Newton-Raphson maximum likelihood estimation 

* Initialize coefficient estimates 

bold(l,model) = O.OdO 
bold(2,model) = O.OdO 
bold(3, model) = O.OdO 
bo!d(4,model) = O.OdO 

IT = 0 

79 do 83 m = 1,model 
svec(m) = O.OdO 
do 83 k = 1,model 

INF(m,k) = O.OdO 
83 continue 

IT = IT + 1 
Xf(l) = l.OdO 
Xf(3) = O.OdO 



Xf(4) = O.OdO 
Xr(l) = l.OdO 
Xr(3) = l.OdO 

do 84 s = O.nitems 
Xf(2) = (sn.OdO) 
Xr(4) = (s*1.0d0) 
Xr(2) = (s*1.0d0) 
tennf = O.OdO 
termr = O.OdO 

Set up values 

do 85 m = 1,model 
tennf = tennf + Xf(m)*bold(m,model) 
termr = termr + Xr(m)*boId(m, model) 

continue 

nfw = nf(j,s) - rf(j,s) 
sfw = -(nfw*1.0d0)/(1.0d0 + dexp(-termf)) 
sfr = (rf(j,s)*1.0d0) * dexp(-termf)/(1.0d0 + 

& dexp(-termf)) 

nrw = nr(j,s) - rr(j,s) 
srw = -(nrw*1.0d0)/(1.0d0 + dexp(-termr)) 
srr = (rr(j,s)'!'1.0d0) * dexp(-termr)/(1.0d0 + 

& dexp(-termr)) 

ssf = (nf(j,s)*1.0d0)*dexp(-termf)/((1.0d0 + 
& dexp(-termf)))**2 

ssr = (nr(j,s)*1.0d0)*dexp(-termr)/((1.0d0 + 
& dexp(-termr)))**2 

Evaluate score vector, svec, and information matrix, INF. 

sf = sfw + sfr 
sr = srw + srr 

do 86 m = 1,model 
svec(m) = svec(m) + sf*Xf(m) + sr*Xr(m) 
do 87 k = 1,model 



INF(m,k) = INF(m,k) + ssf*Xf(k)*Xf(m) 
& + ssr*Xr(k)*Xr(m) 

87 continue 
86 continue 
84 continue 

* Invert the information matrix 

call DINVRS(INF,model,4) 

* Multiply the inverted information matrix by the score vector 

do 90 m = 1,model 
sum = O.OdO 
do 91 k = 1,model 

sum = sum + INF(m,k)*svec(k) 
91 continue 

* Update the estimates 

bnew(m,model) = bold(m,model) + sum 
if(IT .eq. maxit .and. m .eq. model) go to 82 
if(ABS(sum) .gL delta) bold(m,model) = bnew(m,model) 

90 continue 
itest = 0 
do 92 k = 1,model 

if(bold(k,model).eq.bnew(k,model)) itest= itest+ 1 
92 continue 

if(itest .ne. 0) go to 79 
82 continue 

* Test models by computing the log of the ratio of the current versus 
* the previous likelihood function values. Tests are [3 - 4], [2 - 3] 
* for nonuniform bias and uniform bias, respectively. 

LLHF(4) = O.OdO 
LLHF(3) = O.OdO 
LLHF(2) = O.OdO 
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do 93 s = 0,nitems 
nfw = nf(j,s) - rf(j,s) 
nrw = nr(j,s) - rr(j,s) 

Xf(2) = (s*1.0d0) 
Xr(4) = (s*1.0d0) 
Xr(2) = (s*1.0d0) 

do 94 model = 2,4 
termf = O.OdO 
termr = O.OdO 
do 95 m = 1,model 

termf = termf + Xf(m)*bnew(m, model) 
termr = termr + Xr(m)*bnew(m,model) 

95 continue 
LLHF(model) = LLHF(model)-(nfw*1.0d0)*(termf) -

& (nf(j,s)*1.0d0)*log(1.0d0 + dexp(-termf)) -
& (nrw*1.0d0)*(termr) - (nr(j,s)*1.0d0) 
& *log(1.0d0 + dexp(-termr)) 

94 continue 
93 continue 

XI = -2.0D0*(LLHF(3) - LLHF(4)) 
X4 = -2.0D0*(LLHF(2) - LLHF(3)) 
if(Xl .It. O.OdO) XI = O.OdO 
if(X4 .It. O.OdO) X4 = O.OdO 
NDF = 1 
PI = DFCHI(X1,NDF) 
P2 = DFCHI(X4,NDF) 

41 Calculate chi-squared values, and flag if significant. Sum flags across 
* replications to get an overall estimate of power. 

CHIBAR(j,l) = CHIBAR(j,l) + X4 
CHIBAR(j,2) = CHIBARO',2) + XI 
if(P2 .It. .05/(1.0*nitems)) FLAG0.1) = FLAGO',1) + 1 
if (PI .It. .05/(1.0*nitems)) FLAG(j,2) = FLAG(j,2) + 1 

80 continue 

20 continue 



* Compute average chi-squared across replications. 

xrep = nrep 
do 100 j = l,nitems 

CHIBAR(j,l) = CIIIBAR(j,l)/xrep 
CHIBAR(j,2) = CIIIBAR(j,2)/xrep 

100 continue 

* Put results into output file. 

open(3,file='RESULTS. LD') 
write(3,101) 

* Format results file. 

101 format(/20x,'LOGISTIC REGRESSION RESULTS'//) 
write(3,102) NRtot, NFtot, SEED2 
write(3,103) (j, FLAG(j,l),FLAG(j,2), j = l.nitems) 

102 format(10x,'Base Sample = \i5,' Focal Sample = ',i5, 
& 'SEED = ',fl2.0//10x,TTEM # UNIFORM DIF 
& NONUNIFORM DIF'//) 

103 format(12x,i2,llx,i3,15x,i3) 

write(3,'(al)') Cbar(12) 
write(3,104) 
write(3,105) 0',CHIBAR0',l),CHIBAR(]',2),j=l,nitems) 

104 format(20x,'AVERAGE CHI SQUARE VALUES'// 
&10X,'ITEM # UNIFORM DIF NONUNIFORM DIF'//) 

105 format(12x,i2,fl4.3,fl8.3) 
close(3) 
stop 
end 

* Subroutines 

SUBROUTINE DINVRS(INF,NROW,NRM) 

REAL*8 INF(NRM.NRM), VEC(100), D, F, H 
D = 1.0D0 
DO 50 L = 1.NROW 



F = INF(1,1) 
IF(F.LT..OQ00000001) GO TO 100 
D = D * F 
F = l./F 
DO 10 I = 1.NROW 

VEC(I) = INF(I,1) 
10 CONTINUE 

DO 30 I = 2,NROW 
H = VEC(I) * F 
DO 20 J = 2,1 

INF(I-1,J-1) = INF(I,J) - VEC(J) * H 
20 CONTINUE 
30 CONTINUE 

DO 40 J = 2,NROW 
INF(NROW,I-l) = -VEC(J) * F 

40 CONTINUE 
INF(NROW,NROW) = -F 

50 CONTINUE 
DO 70 I = l,NROW 

DO 60 J = 1,1 
INF(I,J) = -INF(U) 

60 CONTINUE 
70 CONTINUE 

DO 90 I = 2,NROW 
DO 80 J = 1,1-1 

INF(J,I) = INF(I,J) 
80 CONTINUE 
90 CONTINUE 

RETURN 
100 CONTINUE 

WRITE(*,*) 'ERROR IN DINVRS, PIVOT TOO SMALL-
STOP 
END 

REAL*8 FUNCTION DFCIII(X,NDF) 

REAL*8 LIMIT, EX, X, A, E, C, Z, Y, S 
IF(X.LT.0.0D0) THEN 

WRITE(V) 'VALUE LESS THAN ZERO SENT TO DFCHI' 
STOP 



END IF 

IF(NDF.LT.l) THEN 
WRrTEC",*) "ZERO OR NEGATIVE DF SENT TO DFCHI' 
STOP 

END IF 

A = X/2.0D0 
Y = EX(-A) 
IF((2*(NDF/2)).EQ.NDF) THEN 

S = Y 
IF(NDF.GT.2) THEN 

LIMIT = (FLOAT(NDF)-1.0D0)/2.0D0 
Z = l.ODO 
IF(X.GE.1000.0D0) THEN 

E = 0.0D0 
C = DLOG(A) 

10 CONTINUE 
IF(Z.LE.LIMIT) THEN 

E = DLOG(Z) + E 
S = EX(C - A - E) + S 
Z = Z + l.ODO 
GO TO 10 

END IF 
DFCHI = S 

ELSE 
E = l.ODO 
C = 0.0D0 

20 CONTINUE 
IF(Z.LE.LIMIT) THEN 

E = E * (A/Z) 
C = C + E 
Z = Z + l.ODO 
GO TO 20 

END IF 
DFCHI = C * Y + S 

END IF 
ELSE 

DFCHI = S 
END IF 



ELSE 
S = 2.0D0 * DFNOR(-DSQRT(X)) 
IF(NDF.GT.2) THEN 

Z = .5D0 
LIMIT = (FLOAT(NDF)-l.)/2. 
IF(X.GE.1000.D0) THEN 

E = .572364942925 
C = DLOG(A) 

30 CONTINUE 
IF(Z.LE.LIMIT) THEN 

E = DLOG(Z) + E 
S = EX(C * Z - A - E) + S 
Z = Z + l.ODO 
GO TO 30 

END IF 
DFCHI = S 

ELSE 
E = .564189583548/DSQRT(A) 
C = 0.0D0 

40 CONTINUE 
IF(Z.LE.LIMIT) THEN 

E = E * (A/Z) 
C = C + E 
Z = Z + l.ODO 
GO TO 40 

END IF 
DFCHI = C * Y + S 

END IF 
ELSE 

DFCHI = S 
END IF 

END IF 
RETURN 
END 

REAL* 8 FUNCTION EX(A) 

REAL*8 A 
EF(A.LT.-2500.0D0) THEN 

EX = 0.0D0 
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ELSE 
EX = DEXP(A) 

END IF 
RETURN 
END 

REAL*8 FUNCTION DFNOR(X) 

REAL* 8 q24), X, Y, Z, W 
DATA C /0.000124818987, 0.001075204047, 0.005198775019, 

& 0.0191S8292004, 0.059054035642, 0.151968751364, 
& 0.319152932694, 0.531923007300, 0.797884560593, 
& 0.000045255659, 0.000152529290, 0.000019538132, 
& 0.000676904896, 0.001390604284, 0.000794620820, 
& 0.002034254874, 0.006549791214, 0.010557625006, 
& 0.011630447319, 0.009279453341, 0.005353579108, 
& 0.002141268741, 0.000535310849, 0.999936657524 / 
IF(X.EQ.O.ODO) THEN 

Z = 0.0D0 
ELSE 

Y = DABS(X)/2.0D0 
IF(Y.GE.3.0D0) THEN 

Z = 1.0D0 
ELSE IF(Y.LT.l.ODO) THEN 

W = Y * Y 
Z = (((((((( C(l) * W - C(2)) * W + C(3)) * W - C(4)) 

& * W + C(5)) * W - C(6)) * W + C(7)) * W - C(8)) * 
& W + C(9)) * Y * 2.0D0 

ELSE 
Y = Y - 2.0D0 
Z = ((((((((((((( -C(10) - Y + C(ll)) - Y - C(12)) 

& * Y - C(13)) * Y + C(14)) * Y - C(15)) * Y - C(16)) 
& * Y + C(17)) * Y - C(18)) * Y + C(19)) * Y - C(20)) 
& * Y + C(21)) * Y - C(22)) * Y + C(23)) * Y + C(24) 

END IF 
END IF 
IF(X-GT.O.ODO) THEN 

DFNOR = (Z + 1.0D0)/2.0D0 
ELSE 

DFNOR = (1. - Z)/2.0D0 



END IF 
RETURN 
END 

SUBROUTINE RANSET(SEED2) 

Implicit Double Precision (A-H.O-Z) 

REAL* 8 SEED, MULT, MODULO, SEED2 
COMMON /RANDOM/ SEED, MULT, MODULO 
MULT = 16807.D0 
MODULO = 2147483647.D0 
SEED = SEED2 
RETURN 
END 

REAL* 8 FUNCTION RANF(U) 

Implicit Double Precision(A-H,0-Z) 

REAL* 8 SEED, MULT, MODULO 
COMMON /RANDOM/ SEED, MULT, MODULO 
SEED = DMOD(SEED*MULT, MODULO) 
RANF = SEED/MODULO 
RETURN 
END 

REAL*8 FUNCTION GGNML(V) 

Implicit Double Precision (A-H,0-Z) 

U1 = RANF(U) 
U2 = RANF(U) 
GGNML = DSQRT(-2.0D0 * DLOG(Ul)) * DCOS(6.2831853DO*U2) 
RETURN 
END 



APPENDIX B 

TABLES 



Table 3. Item parameters for items 1 to 24 

Item Parameters 

Item # a bt b2 b3 bA 

1 0.50 0.00 -2.00 0.00 2.00 

2 0.50 0.00 -2.00 1.00 2.00 

3 0.50 0.00 -1.00 0.00 1.00 

4 0.50 0.00 0.00 1.00 2.00 

5 0.50 0.00 -2.00 -1.00 0.00 

6 0.75 0.00 -2.00 0.00 2.00 

7 0.75 0.00 -2.00 1.00 2.00 

8 0.75 0.00 -1.00 0.00 1.00 

9 0.75 0.00 0.00 1.00 2.00 

10 0.75 0.00 -2.00 -1.00 0.00 

11 1.00 0.00 -2.00 0.00 2.00 

12 1.00 0.00 -2.00 1.00 2.00 

13 1.00 0.00 -1.00 0.00 1.00 

14 1.00 0.00 0.00 1.00 2.00 



Table 3 continued. Item parameters for items 1 to 24 

Item Parameters 

Item # a bt b2 b3 b4 

15 1.00 0.00 -2.00 -1.00 0.00 

16 1.25 0.00 -2.00 0.00 2.00 

17 1.25 0.00 -2.00 1.00 2.00 

18 1.25 0.00 -1.00 0.00 1.00 

19 1.25 0.00 0.00 1.00 2.00 

20 1.25 0.00 -2.00 -1.00 0.00 

21 1.50 0.00 -2.00 0.00 2.00 

22 1.50 0.00 -2.00 1.00 2.00 

23 1.50 0.00 -1.00 0.00 1.00 

24 1.50 0.00 0.00 1.00 2.00 



Table 4. Power and chi-squared indices for the continuation ratio coding scheme, 
condition 1 (a for focal group = .5, a for reference group = 1.0) 

Regression DIF type Power Average x2 

Sample Size = 500 

First uniform .01 1.10 

nonuniform .25 7.04 

Second uniform .01 1.21 

nonuniform .27 6.82 

Third uniform .05 2.41 

nonuniform .04 3.07 

3 df x2 uniform .02 4.72 

nonuniform .19 16.93 

Sample Size = 2000 

First uniform .01 2.05 

nonuniform .93 23.23 

Second uniform .04 2.65 

nonuniform .96 26.40 

Third uniform .31 6.74 

nonuniform .47 10.25 

3  d f x
2  uniform .12 11.45 

nonuniform .79 59.89 
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Table 5. Power and chi-squared indices for the continuation ratio coding scheme, 
condition (a for focal group = .5, a for reference group = 1.5) 

Regression DIF type Power Average %2 

Sample Size = 500 

First uniform .02 2.07 

nonuniform .88 19.07 

Second uniform .01 1.89 

nonuniform .84 15.96 

Third uniform .09 3.88 

nonuniform .36 7.68 

3  d f X
2  uniform .04 7.84 

nonuniform .69 42.70 

Sample Size = 2000 

First uniform .10 3.70 

nonuniform 1.00 62.15 

Second uniform .19 5.84 

nonuniform 1.00 70.98 

Third uniform .62 13.03 

nonuniform .98 31.28 

3  d f X
2  uniform .30 22.58 

nonuniform .99 164.41 
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Table 6. Power and chi-squared indices for the continuation ratio coding scheme, 
condition 3 (a for focal group = .5, a for reference group = 2.0) 

Regression DIF type Power Average %2 

Sample Size = 500 

First uniform .06 2.89 

nonuniform .99 30.68 

Second uniform .04 2.83 

nonuniform .99 25.17 

Third uniform .19 5.76 

nonuniform .73 14.28 

3  d f x
2  uniform .10 11.48 

nonuniform .90 70.12 

Sample Size = 2000 

First uniform .32 8.17 

nonuniform 1.00 119.90 

Second uniform .26 6.53 

nonuniform 1.00 102.58 

Third uniform .93 22.00 

nonuniform 1.00 54.38 

3  d fx 2  uniform .50 36.65 

nonuniform 1.00 276.86 



Table 7. Power and chi-squared indices for the continuation ratio coding scheme, 
condition 4 (61, 62, 63, and 64 for focal group = 0.0, -1.0, 0.0, 2.0; 61, 62, 63, and 64 
reference group = 0.0, -2.0,1.0, 2.0) 

Regression DIF type Power Average x2 

Sample Size = ' 500 

First uniform 1.00 39.25 

nonuniform .01 0.99 

Second uniform .77 14.85 

nonuniform .02 1.65 

Third uniform .00 0.96 

nonuniform .00 0.80 

3 dfX
2 uniform .59 55.06 

nonuniform .01 3.44 

Sample Size = 2000 

First 
> 

uniform 1.00 158.57 

nonuniform .00 0.74 

Second uniform 1.00 57.25 

nonuniform .13 4.37 

Third uniform .00 1.14 

nonuniform .00 0.94 

3 dfX
2 uniform .67 216.97 

nonuniform .04 6.04 
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Table 8. Power and cbi-squared indices for the cumulative logit coding scheme, 
condition 1 (a for focal group = .5, a for reference group = 1.0) 

Regression DIF type Power Average %2 

Sample Size = 500 

First uniform .01 1.21 

nonuniform .27 6.83 

Second uniform .00 1.08 

nonuniform .55 10.64 

Third uniform .01 1.34 

nonuniform .21 6.04 

Sample Size = 2000 

First uniform .01 2.05 

nonuniform .93 23.25 

Second uniform .00 1.17 

nonuniform 1.00 41.75 

Third uniform .04 2.56 

nonuniform .96 23.58 
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Table 9. Power and chi-squared indices for the cumulative logit coding scheme, 
condition 2 (a for focal group = .5, a for reference group = 1.5) 

Regression DIF type Power Average %2 

Sample Size = 500 

First uniform .01 1.89 

nonuniform .84 15.96 

Second uniform .00 0.88 

nonuniform .97 26.68 

Third uniform .00 1.45 

nonuniform .78 14.84 

Sample Size = 2000 

First uniform .10 3.70 

nonuniform 1.00 62.20 

Second uniform .00 1.00 

nonuniform 1.00 104.30 

Third uniform .10 3.79 

nonuniform 1.00 60.82 
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Table 10. Power and chi-squared indices for the cumulative logit coding scheme, 
condition 3 (a for focal group = .5, a for reference group = 2.0) 

Regression DIF type Power Average %2 

Sample Size = 500 

First uniform .04 2.83 

nonuniform .99 25.18 

Second uniform .01 1.07 

nonuniform 1.00 42.21 

Third uniform .01 2.28 

nonuniform .97 24.95 

Sample Size = 2000 

First uniform .26 6.53 

nonuniform 1.00 102.60 

Second uniform .01 0.99 

nonuniform 1.00 165.48 

Third uniform .18 6.01 

nonuniform 1.00 95.49 
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Table 11. Power and chi-squared indices for the cumulative logit coding scheme, 
condition 4 (bl, b2, b3, and b4 for focal group = 0.0, -1.0, 0.0, 2.0; 
bl, bl, b3, and M for reference group = 0.0, -2.0, 1.0, 2.0) 

Regression DIF type Power Average %2 

Sample Size = 500 

First uniform .77 14.85 

nonuniform .02 1.65 

Second uniform .99 28.14 

nonuniform .00 1.33 

Third uniform .06 3.20 

nonuniform .00 0.84 

Sample Size = 2000 

First uniform 1.00 57.26 

nonuniform .13 4.38 

Second uniform 1.00 113.36 

nonuniform .01 2.08 

Third uniform .50 10.19 

nonuniform .00 0.99 



Table 12. Power and chi-squared indices for the adjacent categories coding 
scheme, condition 1 (a for focal group = .5, a for reference group = 
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1.0) 

Regression DIF type Power Average %2 

Sample Size = 500 

First uniform .00 0.95 

nonuniform .03 1.60 

Second uniform .00 0.94 

nonuniform .03 2.79 

Third uniform .05 2.41 

nonuniform .04 3.07 

Sample Size = 2000 

First uniform .00 1.38 

nonuniform .00 1.49 

Second uniform .00 1.11 

nonuniform .32 7.51 

Third uniform .31 6.74 

nonuniform .47 10.25 



Table 13. Power and chi-squared indices for the adjacent categories coding 
scheme, condition 2 (a for focal group = .5, a for reference group = 1.5) 
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Regression DIF type Power Average x2 

Sample Size = 500 

First uniform .00 1.40 

nonuniform .01 2.01 

Second uniform .00 1.20 

nonuniform .30 6.85 

Third uniform .09 3.88 

nonuniform .36 7.68 

Sample Size = 2000 

First uniform .02 2.13 

nonuniform .08 4.20 

Second uniform .00 1.22 

nonuniform .94 21.87 

Third uniform .62 13.03 

nonuniform .98 31.28 



Table 14. Power and chi-squared indices for the adjacent categories coding 
scheme, condition 3 (a for focal group = .5, a for reference group = 2.0) 
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Regression DIF type Power Average %2 

Sample Size = 500 

First uniform .03 1.98 

nonuniform .03 2.78 

Second uniform .00 1.13 

nonuniform .45 9.88 

Third uniform .19 5.76 

nonuniform .73 14.28 

Sample Size = 2000 

First uniform .05 2.92 

nonuniform .34 8.81 

Second uniform .00 1.30 

nonuniform 1.00 37.60 

Third uniform .93 22.00 

nonuniform 1.00 54.38 
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Table 15. Power and chi-squared indices for the adjacent categories coding 
scheme, condition 4 (bl, bl, b3, and b4 for focal group = 0.0, -1.0, 0.0, 
2.0; bl, bl, b3, and M for reference group = 0.0, -2.0, 1.0, 2.0) 

Regression DIF type Power Average %2 

Sample Size = 500 

First uniform .99 31.56 

nonuniform .00 0.84 

Second uniform 1.00 34.71 

nonuniform .00 0.74 

Third uniform .00 0.96 

nonuniform .00 0.80 

Sample Size = 2000 

First uniform 1.00 139.60 

nonuniform .00 0.99 

Second uniform 1.00 125.49 

nonuniform .00 0.84 

Third uniform .00 1.14 

nonuniform .00 0.94 
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Table 16. Nonuniform DIF simulations, logistic regression - continuation ratio 
and cumulative logit coding schemes, condition 1, sample size = 2000 

Regression Coding DIF type Power Average %2 

First Continuation uniform .01 2.05 

Ratio nonuniform .93 23.23 

Cumulative uniform .01 2.05 

Logit nonuniform .93 23.25 

Second Continuation uniform .04 2.65 

Ratio nonuniform .96 26.40 

Cumulative uniform .00 1.17 

Logit nonuniform 1.00 41.75 

Third Continuation uniform .31 6.74 

Ratio nonuniform .47 10.25 

Cumulative uniform .04 2.56 

Logit nonuniform .96 23.58 
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Table 17. Nonuniform DIF simulations, logistic regression - continuation ratio 
and cumulative logit coding schemes, condition 2, sample size = 2000 

Regression Coding DIF type Power Average %2 

First Continuation uniform .10 3.70 

Ratio nonuniform 1.00 62.15 

Cumulative uniform .10 3.70 

Logit nonuniform 1.00 62.20 

Second Continuation uniform .19 5.84 

Ratio nonuniform 1.00 70.98 

Cumulative uniform .00 1.00 

Logit nonuniform 1.00 104.30 

Third Continuation uniform .62 13.03 

Ratio nonuniform .98 31.28 

Cumulative uniform .10 3.79 

Logit nonuniform 1.00 60.82 
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Table 18. Nonuniform DIF simulations, logistic regression - continuation ratio 
and cumulative logit coding schemes, condition 3, sample size = 2000 

Regression Coding DIF type Power Average %2 

First Continuation uniform .32 8.17 

Ratio nonuniform 1.00 119.90 

Cumulative uniform .26 6.53 

Logit nonuniform 1.00 102.60 

Second Continuation uniform .26 6.53 

Ratio nonuniform 1.00 102.58 

Cumulative uniform .01 0.99 

Logit nonuniform 1.00 165.48 

Third Continuation uniform .93 22.00 

Ratio nonuniform 1.00 54.38 

Cumulative uniform .18 6.01 

Logit nonuniform 1.00 95.49 



Table 19. Nonuniform DIF simulations, logistic regression - continuation ratio 
and cumulative logit coding schemes, condition 4, sample size = 2000 

Regression Coding DIF type Power Average %2 

First Continuation uniform 1.00 158.57 

Ratio nonuniform .00 0.74 

Cumulative uniform 1.00 57.26 

Logit nonuniform .13 4.38 

Second Continuation uniform 1.00 57.25 

Ratio nonuniform .13 4.37 

Cumulative uniform 1.00 113.36 

Logit nonuniform .01 2.08 

Third Continuation uniform .00 1.14 

Ratio nonuniform .00 0.94 

Cumulative uniform .50 10.19 

Logit nonuniform .00 0.99 
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FIGURE 3, ICCCs showing condition 1 of simulation (a for focal group = .5, 
a for reference group = 1.0) 

Condition 1 
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FIGURE 4, ICCCs showing condition 2 of simulation (a for focal group = .5, 
a for reference group = 1.5) 
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FIGURE 5, ICCCs showing condition 3 of simulation (a for focal group = .5, 
a for reference group = 2.0) 
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FIGURE 6, ICCCs showing condition 4 of simulation (61, b2, 63, and b4 for focal 
group = 0.0, -1.0, 0.0, 2.0; b\,b2, b3, and b4 for reference group = 
0.0, -2.0, 1.0, 2.0) 
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FIGURE 7, Cumulative probability curves for logistic regressions (continuation 
ratio coding scheme), conditions 1 to 4 
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FIGURE 8, Cumulative probability curves for logistic regressions (cumulative logit 
coding scheme), conditions 1 to 4 
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FIGURE 9, Cumulative probability curves for logistic regressions (adjacent categories 
coding scheme), conditions 1 to 4 
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