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11 Introduction 

Psychologicall  tests are used in a wide range of applied and scientific research 

settingss to measure differences in behavior, cognitive abilities, achieve-

ments,, personality traits, attitudes, opinions, and other characteristics be-

tweenn individuals or groups or within the same individual or group under 

differentt circumstances. For example, clinical uses of tests include the de-

tectionn of intellectual deficiencies or the examination of persons with emo-

tionall  disorders or behavioral problems. Examples of educational uses of 

testss are the classification of children with reference to their ability, the 

identificationn of slow and fast learners, educational and occupational coun-

seling,, and the selection of students for secondary education. Another 

examplee of applied psychological testing is to be found in the selection 

andd classification of industrial personnel or civil servants. In situations as 

hiring,, job assignment, transfer, promotion, or termination, many psycho-

logicall  tests have been proved helpful. In addition to applied psychologi-

call  test uses, psychological tests are also frequently used in basic research 

ass a means of gathering data for testing scientific hypotheses about, for 

example,, the organization of psychological traits, group differences, and 

biologicall  and cultural factors associated with specific behavior. 

Thee most important aspect of a psychological test is its validity. The va-

lidit yy of a test is the extent to which the test meets its purpose or measures 

whatt it was designed to measure. The validity of a test can be affected by 

bothh unsystematic and systematic errors of measurement. In general, the 

termm 'bias' is used to refer to the systematic inaccuracy of measurement. 

Whenn the purpose of measurement is to study between-group differences 

onn a psychological variable, then the test used ought to be free of measure-

mentt bias with respect to group membership. In other words, a test should 

measuree the same unobservable psychological variable in the same way for 
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differentt groups under study to be valid for the purpose of between-group 

comparisons.. For example, when the purpose of measurement is the com-

parisonn of different groups on arithmetic ability, then observed mean test 

scoree differences between subgroups should indicate true mean differences 

inn ar i thmetic ability. An observed mean test score difference between two 

groupss should not reflect a mean difference in something else the test is 

measur ingg unintendedly in addition to arithmetic ability, such as reading 

ability. . 

AA sufficient condition for a test to be free of group-level measurement 

biass is that each individual item of the test is free of bias with respect to 

groupp membership. In this thesis, the interest is in this type of group-level 

i temm bias, for which the more commonly accepted phrase 'Differential Item 

Functioning'' (DIF) is used. 

Group-levell  item bias can be distinguished from individual-level item 

bias.. Group-level item bias implies individual-level item bias, but individual-

levell  i tem bias does not imply group-level item bias. If an item does not 

measuree the same psychological variable in the same way for two groups, 

thenn it does not measure the same psychological variable in the same way 

forr all individuals. However, if it does measure the same psychological 

variablee in the same way for all individuals, then the item is also valid for 

measuringg group differences. Conversely, if an item is not appropriate for 

comparisonss between individuals, it still can be valid for between-group 

comparisons.. For example, suppose that an item is designed to measure 

ar i thmet icc ability, and that persons with a higher reading ability level have 

onn average higher item scores than persons with the same arithmetic abil-

ityy level but with a lower reading ability level. In this case, the item also 

measuress reading ability at the individual level, and so the item can not 

bee used to compare individuals on just arithmetic ability. However, if men 

andd women do not actually differ in reading ability, the item still can be 

usedd to compare these two groups on arithmetic ability. 

Sincee items that function differentially at the group-level decrease the 

validityy of a test for both between-group comparisons and the comparison 

off  individuals, they are undesirable in the test and should be detected and 

omit ted.. After test data have been collected, items can be checked for DIF, 
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forr which a variety of statistical methods have been proposed (Millsap & 

Everson,, 1993). By means of such statistical methods the empirical data 

cann be thoroughly investigated for DIF, and the data belonging to items 

thatt are flagged as DIF items can be omitted from subsequent statistical 

analyses. . 

Thee concept of DIF typically fits within the framework of Item Re-

sponsee Theory (IRT), in which measurement models have been developed 

att the item level. In an IRT model, observable item scores are related to 

aa not directly measurable psychological variable, which is assumed to un-

derliee performance on the items. Because the psychological variable is not 

directlyy observable, it is called latent. Many IRT models can be considered, 

dependingg on the nature of the item scores and that of the latent variable. 

Inn addition, various functional relationships can be assumed between the 

itemm scores and the latent variable. The DIF studies in this thesis are 

howeverr restricted to IRT models that specify a relationship between ordi-

nall  dichotomous item scores and a unidimensional continuous latent trait. 

Manyy psychological tests exist, that consist of dichotomously scored items 

whichh are assumed to measure only one and the same latent trait. These 

modelss are especially relevant for the measurement of cognitive abilities and 

achievementss by means of items to which either a correct or an incorrect 

responsee can be given. 

Fundamentall  to such IRT models for dichotomous item scores is the 

Itemm Response Function (IRF), which relates the probability of a correct 

orr positive item score to the latent trait. Through specifying different 

assumptionss about the shape of the IRFs of the items in the test, and 

aboutt the relationships between the IRFs, different IRT models for ordinal 

dichotomouss item scores can be defined. 

AA distinction can be made between nonparametric and parametric IRT 

modelss for dichotomous item scores. In nonparametric IRT models for di-

chotomouss item scores, the IRFs are subjected to order restrictions. One 

suchh a nonparametric IRT model is Mokken's (1971) Monotone Homogene-

ityy (MH) model. Under the MH model, the IRFs are only assumed to be 

nondecreasingg functions of the latent trait. This assumption of nondecreas-

ingnesss logically follows from the idea that the probability of giving a correct 
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orr positive response must be higher for persons with a higher latent trait 

valuee than for persons with a lower latent trait value. In the MH model, no 

furtherr assumptions than nondecreasingness are imposed on the IRFs. and 

thee IRFs are therefore allowed to intersect. When the additional assump-

tionn of Invariant Item Ordering (IIO) is imposed on the model (Sijtsma 

&&  Junker, 1996), which means that the IRFs are not allowed to intersect, 

thenn another nonparametric IRT model is formulated, which is called the 

Doublee Monotonicity model (Mokken, 1971). In contrast to nonparametric 

IRTT models, different parametric IRT models for dichotomous item scores 

aree defined by the choice of a particular class of parametric functions for the 

IRFs,, such as logistic curves or normal ogives. Well-known parametric IRT 

modelss for ordinal dichotomous item scores are the one-parameter logis-

ticc model (Rasch, 1960), and the two- and three-parameter logistic models 

(Birnbaum.. 1968). 

Inn the following section, the general definition of DIF under unidimen-

sionall  latent variable models, the definition of DIF under unidimensional 

IRTT models for dichotomous item scores, and some DIF related invariance 

conditionss are discussed. The second section deals with general problems 

thatt are encountered in applying statistical DIF detection methods, and 

withh important statistical results that are relevant for DIF investigations 

inn an IRT context. The last section of this introduction gives an overview 

off  the DIF studies in this thesis. 

1.11 Differential I tem Functioning 

Inn general, DIF means that the probability density or distribution func-

tionn of an item score is not the same for different subpopulations at some 

levelss of the latent variable assumed to underly performance on the item. 

Iff  the variable X denotes the item score, the variable G denotes group 

membership,, and 0 denotes the latent variable, then DIF is defined as 

(Mellenbergh,, 1989) 

f(Xf(X = x\G = g,9 = 9)ïf(X = x\e = 0), (1.1) 

forr at least one x, one g and one 6. In Equation 1.1, ƒ ) is a probability 

densityy function in case of a continuous item score, and it is a probability 
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distributionn function in case of a discrete item score. Note that the defini-

tionn is general in the sense that it is independent of the measurement levels 

off  the three variables X, G and 8. 

Forr an IRT model for dichotomous item scores and a unidimensional 

latentt trait the definition of DIF in Equation 1.1 is reduced to 

P(XP(X = l\G = g,@ = 6)  ̂ P(X = 1 | 6 = 0), (1.2) 

forr at least one g and one 6. In Equation 1.2, P(-) denotes probability, X 

iss the dichotomous item score with realization 1 for a positive or correct 

answerr to the item (and 0 for a negative or incorrect answer), and the 

variablee 0 denotes the unidimensional latent trait. Thus, under an IRT 

modell  for dichotomous item scores DIF is defined to exist if the IRFs of 

thee same item are not identical in different subpopulations. 

Thee opposite condition of DIF defined by Equation 1.2, is the condition 

thatt the item score X and group membership G are statistically indepen-

dentt at all fixed values of G. Formally, this opposite condition is 

P(XP(X = l\G = g,e = 0) = P{X = 1 19 = 6»), for all g and all 6». (1.3) 

Sincee 0 is not directly observable, the condition in Equation 1.3 is called 

Unobservedd Conditional Invariance (UCI) of a dichotomous item score with 

respectt to group membership (Millsap &i  Meredith, 1992). Note that Equa-

tionn 1.3 is not a definition of unidimensionality. The probability of a pos-

itivee or correct item score can still depend on some other variable than 

groupp membership in addition to the latent trait. Therefore, UCI is only 

aa necessary but not a sufficient condition for the item score to be a valid 

measuree of the intended latent trait for a between-group comparison. 

Thee condition 

P(XP(X = 1 | G = g, Y = y) = P{X = 1 | Y = y), for all g and all y, (1.4) 

inn which the latent trait 0 is substituted by an observable variable Y that 

iss used as a proxy of the latent trait 0, is called Observed Conditional 

Invariancee (OCI) of a dichotomous item score with respect to group mem-

bershipp (Millsap & Meredith, 1992). Millsap and Meredith (1992) pointed 
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outt that UCI and OCI are not in general equivalent, that is, OCI does 

nott imply, and is not implied by UCI. However, they showed that when 

thee following two conditions hold simultaneously, then UCI and OCI are 

equivalent.. First, the observable variable Y must be 'Bayes sufficient' for 

thee latent trait Q (Lehmann, 1986, sec. 1.9). Bayes sufficiency of Y means 

thatt the item score X and the latent trait G are statistically independent 

att all fixed values of Y. Second, Y and G must be statistically independent 

att all fixed values of X and G, which means that the observable variable 

YY must be independent of group membership given X and G. This last 

conditionn is equivalent to the condition that the observable variable Y itself 

iss free of DIF or unbiased for group-level measurement at each of the two 

levelss of the dichotomous item score X. 

1.22 Detection of Differential Item Functioning 

Inn the literature, DIF detection methods are usually described for the sim-

plestt situation of two groups (G — 1, 2); see Millsap &; Everson (1993) for an 

overview.. Traditionally, a distinction is made between a 'reference' group 

(oftenn assumed to be the majority group in the population) and a 'focal' 

groupp (the minority group). This distinction is however quite arbitrary 

whenn the two groups under study do not differ in population or sample size 

and,, theoretically, the distinction is of no great importance, because it has 

noo implications for most statistical DIF detection methods. 

Iff  the dichotomous data of two groups are assumed to follow an IRT 

model,, like one of the nonparametric or parametric models mentioned in 

thee introductory section, and if item k is the item studied for DIF, then the 

nulll  hypothesis to be tested by a statistical DIF detection method should 

be e 

HH00::  P(Xk = 1\G = 1,0 = 0) = P(Xk = 1|G = 2 ,6 = 0), for all 0. (1.5) 

Thiss null hypothesis is equivalent to UCI of the dichotomous item k in the 

two-groupp situation. If there is no a priori knowledge about a departure 

fromm this null hypothesis, the null hypothesis should be tested against the 
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broadd alternative hypothesis 

Hi:Hi:  P(Xk = 1 | G = 1,9 = 9) ^ P{Xk = 1 | G = 2, 9 = 0), (1.6) 

forr at least one 0. This alternative hypothesis is equivalent to the definition 

off  DIF under an IRT model for dichotomous item scores in the two-group 

situation.. However, if there is a priori knowledge about a specific departure 

fromm the null hypothesis, then a more specific alternative hypothesis can 

bee used in order to enhance the power of the statistical test. Specific 

alternativee hypotheses can be formulated on the basis of the different types 

off  DIF that can exist for an IRT model that fits the data of each of the two 

groupss separately (see Chapter 2). 

Fromm parametric IRT models for dichotomous item scores DIF detec-

tionn methods follow which operate within the measurement model, and are 

thereforee based on an UCI model. These DIF detection methods are proce-

duress for testing the equality of item parameter estimates between groups. 

Inn general, these procedures require large sample sizes, which could be a 

problemm in practical situations. Moreover, parametric IRT models may be 

tooo restrictive and thus may not fit the empirical data adequately. Conse-

quently,, the tests of DIF that are incorporated in a parametric measurement 

modell  can be confounded with tests of fit. 

Alternativee methods for DIF detection are methods in which an ob-

servedd score is used as a proxy for the latent trait. If Y denotes the ob-

servedd score on which the examinees of two groups are matched, then the 

statisticall  DIF detection method is based on the null hypothesis 

HH00::  P(Xk = l\G = l,Y = y) = P(Xk = 1 \G = 2, Y = y), for all y. (1.7) 

Thiss null hypothesis is equivalent to OCI of the dichotomous item k in the 

two-groupp situation. 

Ass is already mentioned in Section 1.1, DIF detection methods based 

onn an OCI model only test for UCI when the observed matching variable Y 

itselff  does not function differentially with respect to group membership and 

whenn it is Bayes sufficient for the latent trait, that is, when the observed 

matchingg variable Y captures all relevant information in the latent trait for 
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thee studied item k. When the observed matching variable Y is a sufficient 

stat ist icc for the latent trait, or in case of perfect reliability when there is 

aa one-to-one correspondence between Y and the latent trait, then Bayes 

sufficiencyy of Y for the latent trait holds. 

AA problem in the application of DIF detection methods based on an 

OCII  model is the choice of the observed matching score Y. which must be 

Bayess sufficient and free of DIF. In case the items of a test are assumed to 

bee measures of the same latent trait, usually a function of the item scores 

iss selected as the matching variable. The most obvious choice of Y is the 

unweightedd sum of all test item scores without the item score of the studied 

i temm k. This sum score is usually called the rest score. The rest score is 

thee most obvious choice of the matching variable because it is directly 

observable,, it can be computed easily, and because it does not include the 

studiedd item k that should paradoxically be free of DIF to be legitimately 

includedd in the matching variable. If the data of the items included in 

thee matching variable follow the rather restrictive one-parameter logistic 

modell  (Rasch, I960), then none of these items functions differentially and 

thee unweighted sum of the corresponding item scores is a sufficient statistic 

forr the latent trait (Fischer, 1995) and, therefore, also Bayes sufficient. So if 

thee Rasch model fits the empirical data of the rest score items, then a DIF 

detect ionn method based on an OCI model with the rest score as matching 

variablee can be diagnostic of UCI and DIF for the studied item k that is not 

includedd in the matching variable. However, if the data of the item scores 

includedd in the matching variable do not follow the one-parameter logistic 

Raschh model, but a less restrictive two- or three-parameter logistic model 

(Birnbaum,, 1968) or one of MokkeiTs nonparametric IRT models, then 

thee unweighted sum over any subset of these item scores is unfortunately 

neitherr a sufficient statistic, nor Bayes sufficient for the latent trait. 

Twoo well-known statistical techniques that can be used for the detection 

off  D I F and that are both based on an OCI model are the Mantel-Haenszel 

proceduree (Mantel & Haenszel, 1959; Holland & Thayer, 1988) and the 

Logisticc Regression procedure (Swaminathan & Rogers. 1990a). In both 

procedures,, the null hypothesis to be tested is based on the null hypothesis 

inn Equation 1.7, and therefore, both procedures are not diagnostic of UCI 
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orr DIF in general. 

Thee Mantel-Haenszel procedure is designed to test its null hypothesis 

againstt an alternative hypothesis of only one specific departure or type of 

DIF,, whereas the Logistic Regression procedure is designed to test its null 

hypothesiss against the simultaneous alternative hypothesis of two specific 

departuress or types of DIF (the null and alternative hypotheses of both 

proceduress and the different types of DIF will be explained and defined in 

laterr chapters). 

Inn both the Mantel-Haenszel and the Logistic Regression procedure, it is 

commonn practice to use the total score (the unweighted sum of all test item 

scores)) as the matching variable. Using the total score with the inclusion 

off  the item score of a studied item k that actually functions differentially, 

seemss to contradict the condition that the matching variable must be free 

off  DIF. However, Holland and Thayer (1988) showed that under the one-

parameterr logistic Rasch model the inclusion of the item score of the studied 

itemm k in the matching variable is a necessary condition for the Mantel-

Haenszell  null hypothesis to be equal to the IRT condition of UCI with 

respectt to group membership, or equivalently, to the IRT null hypothesis 

off  no DIF. 

1.33 Overview of the thesis 

Sincee the following chapters have initially been written as research articles, 

theree is some overlap in the introductory sections. Each of the chapters 

dealss with one or more types of DIF, which are all defined formally in the 

secondd chapter. In the last four chapters, the focus is on the utilit y of two 

observedd score based methods in detecting one or more of these types of 

DIF.. Since the chapters are independent of one another, each chapter can 

bee read without first reading one of the preceding chapters. 

Inn the second chapter, the concept of DIF under a general nonpara-

metricc IRT model for dichotomous item scores is studied theoretically. The 

conceptt of DIF is related to the concept of unidimensionality. Furthermore, 

fourr DIF distinctions are discussed, that each define two complementary 

typess of DIF. Throughout the chapter, two types of DIF are called com-



10 0 Introduction Introduction 

plementary,, when they are mutually exclusive (disjoint) and exhaustive. 

Thee interrelationships between types of DIF that are not complementary 

byy definition, are examined, and it is shown that given the general non-

parametricc IRT model and the four DIF distinctions only seven mutually 

exclusivee types of DIF can exist. Moreover, it is studied which of these 

typess of DIF are excluded or can exist for several parametric and nonpara-

metricc IRT models. Each type of DIF that can exist for a specific model can 

bee the basis for the alternative hypothesis in a corresponding DIF detection 

methodd under that model. 

Inn the third chapter, the robustness and the power of the Logistic Re-

gressionn (LR) procedure in detecting the two types of DIF it is designed 

too detect, are investigated. The dichotomous data are generated under 

Mokken'ss Monotone Homogeneity (MH) model in order to study the util-

ityy of the LR procedure under a more general model than the one-, two- or 

three-parameterr logistic models. 

Inn the fourth chapter, the effect of the inclusion of the studied item in 

thee matching variable and the effect of using the correction for continuity 

inn the chi-square test statistic on both the robustness and the power of 

thee Mantel-Haenszel procedure are studied. The dichotomous data are 

simulatedd under the two-parameter logistic model to explore the use of the 

Mantel-Haenszell  procedure under a violation of the necessary condition for 

thee rest score and the total score to be Bayes sufficient for the latent trait. 

Inn the fifth chapter, the Mantel-Haenszel procedure is subjected to a 

secondd simulation study. In this study, the focus is on the effect of item 

discriminationn on the robustness and the power of the Mantel-Haenszel 

procedure.. Again, data are generated under the two-parameter logistic 

model,, but now mainly to evaluate the effect of item discrimination on the 

Meann Squared Error (MSE) and bias of the Mantel-Haenszel odds-ratio 

estimator,, that is used as a DIF effect size measure. 

Finally,, in the sixth chapter, a new class of so-called Constant Latent 

Odds-Ratioss (CLORs) models is introduced, under which it is shown that 

thee total score is a sufficient statistic for the latent trait. The chapter 

alsoo deals with a new class of parametric special cases of the most general 

CLORss model, in order to show that this general CLORs model is not equiv-
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alentt to the one-parameter logistic model. Next, it is shown that methods 

basedd on an OCI model in general and the Mantel-Haenszel procedure in 

particularr can be diagnostic of UCI or DIF under the whole class of CLORs 

models.. Furthermore, hypothetical situations are discussed that can arise 

inn practice when the Mantel-Haenszel procedure is used for DIF detection 

underr the condition that one of the CLORs models fits the empirical data. 
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dichotomouss IRT model 

A b s t r a ct t 

Forr a general unidimensional Item Response Theory (IRT) model for di-

chotomouss item scores, the definitions of conditional independence and 

thee absence of Differential Item Functioning (DIF), referred to as mea-

surementt in variance, are derived from a formal definition of unidimen-

sionality.. It is shown that both conditional dependence and DIF are 

violationss of the assumption of unidimensionality. In addition to the 

generall  DIF definition of unequal Item Response Functions (IRFs), def-

initionss of more specific types of DIF are discussed. In the literature 

threee main DIF distinctions are made between uniform and nonuniform 

DIF,, between unidirectional and bidirectional DIF, and between parallel 

andd nonparallel DIF. In this chapter, a fourth DIF distinction is in-

troducedd between partial and complete DIF, which is especially relevant 

forr nonparametric IRT models. Crossing the four DIF distinctions yields 

sixteenn DIF variations. The relationships among the eight types of DIF 

definedd by the four DIF distinctions are examined and the results show 

thatt only seven of the sixteen DIF variations can exist for the general 

IRTT model. Furthermore, it is examined which of these seven specific 

typess of DIF are excluded by or can exist for Mokken's nonparametric 

IRTT models, the two- and three-parameter logistic Birnbaum models and 

thee one-parameter logistic Rasch model. 

2.11 Introduction 

Differentiall  I tem Functioning (DIF) reduces the validity of tests used to 

measuree individual and between-group differences on a psychological con-

structt or trait. DIF exists when the measurement properties of a test item 
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aree not the same for different groups of examinees. That is. a DIF item mea-

suress either differently or different things for examinees of different groups. 

Soo conclusions about individual or group differences on the basis of scores 

onn a test containing DIF items could be misleading or false. Therefore. DIF 

itemss must be detected, and for this purpose several methods have been 

proposedd (Millsap & Everson, 1993). 

Fromm parametric Item Response Theory (IRT) models DIF detection 

methodss follow which operate within the measurement model. However, 

parametr icc IRT models may be too restrictive and may not fit  the empirical 

da taa adequately. Consequently, the tests of DIF that are incorporated in a 

parametr icc measurement model can be confounded with tests of fit. On the 

otherr hand, nonparametric IRT measurement models exist, which are less 

restrictivee and may fit the data more adequately than one of the parametric 

IRTT models. However, the measurement properties of nonparametric IRT 

modelss for the detection of DIF may be weaker than those of parametric 

IRTT models. 

Inn this chapter, the focus is on what DIF means for a general non-

parametr icc IRT measurement model for dichotomous item scores defined 

byy the assumptions of unidimensionality and nondecreasing Item Response 

Functionss (IRFs). The assumption of unidimensionality means that all 

i temss in a test are supposed to measure one and the same latent trait or, 

equivalently,, that the distributions of the item scores only depend on one 

latentt trait. The assumption of nondecreasing IRFs for a dichotomous item 

scoree model means that for each item the probability of a correct or pos-

itiv ee item score is a monotone nondecreasing function of the latent trait. 

Thiss assumption of nondecreasingness means that the IRFs are allowed to 

bee constant for a given interval of latent trait values as opposed to the 

assumptionn of strictly increasing IRFs, which restricts the IRFs to be in-

creasingg for each interval of latent trait values. This general nonparametric 

IRTT model for dichotomous item scores defined by the assumptions of uni-

dimensionalityy and nondecreasing IRFs is equivalent to Mokken's (1971) 

nonparametr icc Monotone Homogeneity (MH) model. Special cases of this 

modell  are Mokken's (1971) Double Monotonicity (DM) model and para-

metricc IRT models like the normal-ogive models (Lord & Novick, 1968, 
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chapt.. 16), the two- and three-parameter logistic Birnbaum models (Lord 

&&  Novick, 1968, chapt. 17) and the one-parameter logistic Rasch model 

(Rasch,, 1960). 

Fromm the assumption of unidimensionality it logically follows that the 

itemss of a test are conditionally independent given the latent trait, that 

is,, unidimensionality implies conditional independence (Kelderman, 1984). 

However,, conditional independence does not imply unidimensionality and 

thus,, these concepts are not equivalent. Another implication is that if 

unidimensionalityy holds, then the distribution of each item score conditional 

onn the latent trait does not depend on group membership (Kelderman, 

1984),, that is, unidimensionality implies the absence of DIF with respect to 

aa grouping variable. In general, DIF is defined to exist if the distribution 

off  an item score conditional on the latent trait depends on a grouping 

variable,, which means for a dichotomous item score model, that the IRF 

off  an item is not the same for different groups of examinees. So when for a 

givenn item DIF exists, the assumption of unidimensionality does not hold 

forr that particular item. Such a DIF item unintendedly measures at least 

onee other trait, which is associated with group membership. Consequently, 

thee comparison of individuals or groups of examinees on the intended latent 

traitt by means of observed DIF item scores may be invalid. 

Thee definition of DIF for a dichotomous item score model is general 

inn the sense that no specific relationship between the IRFs of different 

examineee groups is assumed. This general definition of DIF states that 

thee IRFs of different groups of examinees are different, but not how they 

differ.. Several definitions of more specific types of DIF are in circulation, 

off  which all interrelationships are not yet clear. The distinctions between 

thesee specific types of DIF are based on different relationships between the 

IRFss of an item for different groups of examinees. In the literature three 

mainn DIF distinctions are made between (1) uniform and nonuniform DIF 

(Mellenbergh,, 1982; Hanson, 1998), (2) unidirectional and bidirectional 

DIFF (Shealy & Stout, 1993), and (3) parallel and nonparallel DIF (Hanson, 

1998).. In this chapter, a fourth main DIF distinction is made between (4) 

partiall  and complete DIF, which is especially relevant for nonparametric 

IRTT models, like Mokken's MH and DM models. Because of the weak 
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assumptionss underlying these nonparametric models regarding the shape 

off  the IRFs. for these models DIF items can exist for which the IRFs of 

differentt groups of examinees are equal for an interval of latent trait values. 

Whenn for one item the IRFs of different groups of examinees are equal for at 

leastt one latent trait value but not for all. then partial DIF exists. On the 

otherr hand, when for one item the IRFs of different groups of examinees 

aree different for all values of the latent trait, then complete DIF exists. 

A nn objective of this chapter is to clarify all interrelationships between the 

specificc types of DIF that are defined by these four main DIF distinctions. 

Distinguishingg between different types of DIF is important for DIF de-

tectionn and DIF detection has its consequences for test administration. 

DI FF detection methods that test hypotheses about specific types of DIF in 

generall  have more statistical power to detect the type of DIF for which it 

hass been designed. Moreover. DIF detection methods that are based on 

thee general DIF hypothesis of unequal IRFs are to a certain degree able 

too detect each type of DIF, but such methods are not able to identify the 

specificc type of DIF. Identification of the type of DIF is important because 

dependingg on the type of DIF. a decision is made about the inclusion of 

aa DI F item in the test. Usually DIF items are deleted from the test after 

detection,, but not every DIF item has to be deleted for each testing situ-

at ion.. For example, when for a partial DIF item the IRFs of two groups 

aree equal for lower latent trait values and unequal for higher latent trait 

values,, then the item need not be deleted from the test when administered 

too a group of examinees with low ability level. Keeping the item in the test, 

iss beneficial for the reliability of the test, which is positively related to the 

numberr of test items. 

Inn Section 2.2, both conditional independence and the absence of DIF, 

referredd to as measurement invariance (Meredith & Millsap, 1992: Mered-

ith,, 1993), are derived from a formal definition of unidimensionality. In 

Sectionn 2.3, the four DIF distinctions are described for the simple case of 

twoo groups. Each of these four DIF distinctions defines two complementary 

typess of DIF. As has already been mentioned in Section 1.3, throughout 

thiss chapter, two types of DIF are called complementary, when they are 

mutual lyy exclusive (disjoint) and exhaustive. In Section 2.4, all theoret-
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icall  relationships between types of DIF that are not complementary by 

definitionn are examined under the assumptions of continuous IRFs and a 

continuouss latent trait. It is shown that given the four pairs of complemen-

taryy types of DIF, which produce ( 2 x 2 x 2 x 2 =) 16 DIF variations, for 

thee general dichotomous IRT model only seven specific types of DIF are 

distinguished,, which are mutually exclusive and exhaustive. In Section 2.5, 

itt is examined which of these seven specific types of DIF are excluded by 

orr can exist for Mokken's nonparametric IRT models, the two- and three-

parameterr logistic Birnbaum models and the one-parameter logistic Rasch 

model. . 

2.22 Unidimensionality, conditional independence 

andd DIF 

Inn this section, two new proofs are given regarding the relationships be-

tweenn unidimensionality and conditional independence, and between unidi-

mensionalityy and measurement invariance (or absence of DIF). First, it is 

shownn that the assumption of unidimensionality implies conditional inde-

pendencee of the item scores given the unidimensional latent trait. Second, 

itt is shown that the assumption of unidimensionality implies measurement 

invariancee of each item score with respect to group membership. 

Lett X = (X\. X2,  , XK) be the vector of K dichotomous item scores, 

thenn unidimensionality can formally be defined as (Kelderman, 1984) 

P(XP(Xtt = x , |H = h?6 = 0) = P{Xt =  Xi\Q = 0), for all i. x, h and 6, (2.1) 

wheree H is a vector of unkown dimension consisting of nuisance variables 

nott intended to be measured by Xi, and 0 is the unidimensional latent 

traitt intended to be measured, which is assumed to be continuous. 

Iff  the observed score on item i only depends on the latent trait intended 

too be measured, then H also includes the other items in the test. So if H is 

partitionedd into (R, Y) where Y is the K — 1 dimensional vector of the rest 

off  the item scores without Xi and R is the vector of remaining nuisance 
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variabless in H, then the definition in Equation 2.1 is equal to 

P(XP(Xll = xi\R = r.Y = y,<d = 6) = P{Xi = xl\Q = 6)Aor alii, x,r,yarned. (2.2) 

Forr convenience assuming that each variable in R is discrete (extension to 

thee continuous case is straightforward), then rewriting this equation yields 

P(XP(XZZ = ^ , R = r j Y = y .0 = 0) 

Movingg the denominator of the left-hand side to the right-hand side yields 

P{XiP{Xi = Xi,Il = r\Y = y,e=e) = 

PP (R = r | Y = y, 9 = 6) P (Xz = xz | 0 = 6). (2.4) 

Summationn over all levels of each variable in R produces 

P(XiP(Xi =  Xi\Y = y,e = d) = P{Xi = Xi\e = 0), for all i, x: y and 6, (2.5) 

whichh shows that the probability distribution function of Xz conditional on 

thee latent trait does not depend on the other item scores. 

Successivelyy repeating the following manipulations for each of the item 

scoress in Y yields the usual expression for conditional independence. If Y 

iss partitioned into (Xj, Z) where Z is the K — 2 dimensional vector of item 

scoress without X{ and Xj, then rewriting Equation 2.5 yields 

P(XiP(Xi = Xi,Xj = Xi\Z = z,e=6) 

Accordingg to the result in Equation 2.5, the denominator of the left-hand 

sidee of Equation 2.6 equals P (Xj = Xj \ 0 = 6). Moving the denominator 

afterr replacement with P (Xj = x]; | 0 = 9) to the right-hand side, gives 

PP (X, = Xi, Xj =XJ\Z = Z,Q = 0) = 

PP (X3 =xj\e = 8)P{Xi=xi\e = 0). (2.7) 

Repeatingg these steps for the other item scores in Z, finally yields 

K K 

P (XX = x \Q = 0) = Y[P{Xi =Xi\G = d), for alio, (2.8) 
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whichh is the usual expression for conditional independence (Lord & Novick, 

1968,, chap. 16). 

Next,, it is shown by means of a counterexample that conditional inde-

pendencee given one latent trait does not imply unidimensionality. Suppose 

aa test consisting of two items i and j , and let R be one of the discrete 

nuisancee variables in R. If the condition 

P(XP(X = x,R = r\Q = 0) = P(Xi = xi,R = r\e = 0)P(Xj = xj\e = 9), (2.9) 

forr all xi, Xj, r and 0, holds, then conditional independence in Equation 

2.8,, where K = 2, holds as well (summation over all levels of R). However, 

dividingg both sides of Equation 2.9 by P(R = r | 6 = 0) yields 

P(XP(X = x\R = r,Q = 0) = P{Xi = xi\R = r,e = 0)P(Xj = xj\e = O), (2.10) 

whichh shows that the probability distribution function of Xi is allowed to 

dependd on R in addition to 0. 

Justt like conditional independence, measurement invariance can be seen 

ass a model assumption which directly follows from the more restrictive as-

sumptionn of unidimensionality. If the observed score on item i only depends 

onn the latent trait intended to be measured, then the vector H in Equation 

2.1,, which consists of nuisance variables, also includes any grouping vari-

able.. Now, the standard probability manipulations used to derive Equation 

2.55 from Equation 2.1 must be carried out for a grouping variable G instead 

off  the vector Y of the remaining item scores. This yields 

P(XiP(Xi = Xi\G = g,e = 9) = P{Xi = Xi\B = 0), for alH, x, g and 0, (2.11) 

whichh is the formal definition of measurement invariance for all items with 

respectt to group membership (Meredith & Millsap, 1992; Meredith, 1993). 

Inn the same manner as for the relationship between unidimensionality 

andd conditional independence, it can be shown by means of an analogous 

counterexamplee that measurement invariance for all items with respect to 

groupp membership does not imply unidimensionality. Since this proof is 

similarr to the other proof, its details are not given here. 
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Forr a dichotomous item score model and for the simple case of two 

groupss (G = 1,2), the formal definition of measurement invariance for all 

itemss with respect to the grouping variable, given in Equation 2.11, becomes 

P{XiP{Xi = l\G=l,Q = 9) = P(Xi = l \G = 2,G = Ö), for al ii and 0, (2.12) 

whichh means that the IRFs of the two groups are identical. 

Likee any other IRT model assumption, measurement invariance has to 

bee checked for each item of the measurement instrument. If measurement 

invariancee does not hold for a certain item with respect to a grouping 

variable,, then the item functions differentially and unidimensionality is 

violated.. On the other hand, if measurement invariance holds, then no DIF 

exists,, but nothing can be said about the dimensionality of the item. In that 

casee the item can still be multidimensional. The general formal definition 

off  DIF was given by Mellenbergh (1985, 1989). For a dichotomous item 

scoree model and for the case of two groups the definition of DIF for item i 

iss formulated as 

P{XiP{Xi = l\G=l,e = 0)  ̂ P(Xi = l\G = 2,e = 0), for at least one (9, (2.13) 

whichh means that for item i the IRFs of the two groups are not identical. 

2.33 Definitions of types of DIF 

Thee definition of DIF given in Equation 2.13 states that the IRFs are not 

identical,, but the definition does not say anything about how the IRFs 

differ.. In this sense the definition of DIF in Equation 2.13 is general. In 

thiss section, eight distinct less general types of DIF are defined in terms 

off  more specific relationships between the IRFs of two groups, which are 

abbreviatedd P\{6) and P2(0) for the first and second group, respectively. 

Becausee each type of DIF is defined at the individual item level, the item 

subscriptt is omitted. 

Eachh of the four DIF distinctions, already mentioned in the introduc-

tion,, yields two general types of DIF, which are complementary (disjoint 

andd exhaustive). That is, if for a DIF item one type exists, then the other 

typee can not exist, and if for a DIF item one type does not exist, then the 

otherr type must exist. 
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2.3.11 Unifor m and nonuniform DI F 

Uniformm and nonuniform DIF were introduced by Mellenbergh (1982). Uni-

formm DIF means that there exists a constant relationship between the item 

scoree and group membership for all latent trait values, whereas nonuniform 

DIFF means that this relationship is not constant. The formal definitions of 

thesee two general types of DIF were given by Hanson (1998) in terms of the 

latentt odds-ratio. The latent odds-ratio is the between-groups ratio of the 

oddss of giving a positive or correct item score as a function of the latent 

trait.. Uniform DIF is defined to exist if the latent odds-ratio is a constant 

functionn of the latent trait unequal to one, that is 

PPll{6){l-P{6){l-P 22{6)} {6)} 
u>{9) u>{9) 6^1,6^1, for all 9. (2.14) ) 

pp22(e){i-p(e){i-pll{&)} {&)} 
Iff  the constant 5 is equal to one for all 9, then no DIF exists and the 

conditionn in Equation 2.13 is not satisfied. Solving for P\{9) from the 

latentt odds-ratio gives 

SPSP22(8) (8) 
Pi(0) Pi(0) forr all (2.15) ) 

ll  + {8-l)P2{9Y 
whichh expresses the relationship between the IRFs of the two groups when 

uniformm DIF exists (Hanson, 1998). A graphical example of the IRFs of 

twoo groups for an item with uniform DIF is given in Figure 2.1, for 6 = 1.5. 

Figuree 2.1: Uniform DIF 

Thee complement of uniform DIF is nonuniform DIF, which is defined to 

existt if the latent odds-ratio is not a constant function of the latent trait, 
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thatt is. 

UJ(6)UJ(6)  ̂ S. for at least one 9. (2.16) ) 

Inn terms of the relationship between the IRFs of the two groups the defini-

tionn of nonuniform DIF is 

6P6P22(9) (9) 
Pi{0)Pi{0) Ï -,, for at least one 9. (2.17) ) 

ll  + (5-l)P2(9) 
AA graphical example of the IRFs of two groups for an item with nonuniform 

DIFF is given in Figure 2.2. In this example, the IRFs of the two groups are 

equall  for some latent trait values, which means that the latent odds-ratio 

iss not a constant function of the latent trait unequal to 1. 

P(6) ) 

Figuree 2.2: Nonuniform DIF 

2.3.22 Unidirectional and bidirectional DI F 

Unidirectionall  and bidirectional DIF were introduced by Shealy and Stout 

(1993).. Unidirectional DIF means that the IRFs of the two groups do not 

intersectt and the definition is 

pp11 (9) / P2 (9), for at least one 6, and Pi (9) > P2 (9) , for all 9. (2.18) 

Inn terms of the latent odds-ratio the definition of unidirectional DIF is 

w(0))  ̂ 1. for at least one 9. and u{0) > 1, for all 9. (2.19) 

Bothh graphical examples of uniform DIF in Figure 2.1 and of nonuniform 

DIFF in Figure 2.2 are also examples of unidirectional DIF, because in both 

casess the IRFs of the two groups do not intersect. 
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Bidirectionall  DIF is the complement of unidirectional DIF. Bidirec-

tionall  DIF means that the IRFs of the two groups intersect at least once, 

wheree the location of intersection can be a point or an interval. The defi-

nitionn of bidirectional DIF is 

PiPi (9) > P2 (9), for at least one 9, and Pi (9) < P2 (9), for at least one other 9. (2.20) 

Soo when bidirectional DIF exists, the difference function P\(9) — P2(9) 

changess sign over 9 at least once. In terms of the latent odds-ratio the 

definitionn of bidirectional DIF is 

LO(9)LO(9) > 1, for at least one 9, an.du)(9) < 1, for at least one other 9. (2.21) 

AA graphical example of the IRFs of two groups for an item with bidirectional 

DIFF is given in Figure 2.3. In this case the IRFs of the two groups intersect. 

1 1 

P(6) ) 

Figuree 2.3: Bidirectional DIF 

2.3.33 Parallel and nonparallel DI F 

Parallell  and nonparallel DIF were introduced and defined by Hanson (1998). 

Parallell  DIF exists when the IRF of one group can be obtained by hori-

zontallyy shifting the IRF of the other group along the latent scale. Parallel 

DIFF is defined as 

Pii  (0) = Pï (0 + e), for all 9, (2.22) ) 
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wheree the constant e / 0, and can be interpreted as the amount of parallel 

DIFF on the latent scale for that item. In terms of the latent odds-ratio the 

definitionn of parallel DIF is 

uie uie 
P l ( 0 ) { l - P 2 ( 00 + e)} 

1,, for all 9. (2.23) ) 
PP22(6(6 + e){\ - P,(6)} 

AA graphical example of IRFs of two groups for an item with parallel DIF is 

givenn in Figure 2.4, where the IRF of one group is a horizontal translation 

off  the IRF of the other group. 

P(6) ) 

Figuree 2.4: Parallel DIF 

Thee complement of parallel DIF is nonparallel DIF, which is defined as 

P\P\ (0) ^ Pi (0 + e), for at least one 9. (2.24) 

Inn terms of the latent odds-ratio nonparallel DIF is defined as 

<jj{6<jj{6  | e) / 1. for at least one 6. (2.25) 

Thee graphical examples in Figures 2.1, 2.2 and 2.3 are also examples of 

nonparallell  DIF, because in none of these cases the IRF of one group is a 

horizontall  translation of the IRF of the other group. 

2.3.44 Partial and complete DI F 

Inn this section, the distinction between partial and complete DIF is intro-

duced.. Partial DIF means that the IRFs of the groups are not equal, but 

thatt there exists at least one latent trait value for which the probabilities 
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off  a correct or positive item score are equal for both groups. The definition 

off  partial DIF is 

PPxx {$) ^ p2(0), for at least one 6. and Pi (9) = P2 (0), for at least one other 0. (2.26) 

Inn terms of the latent odds-ratio the definition of partial DIF is 

LüLü {9)  ̂ 1, for at least one 0, andw (9) = 1. for at least one other 9. (2.27) 

Thee graphical representations in Figures 2.2 and 2.3 are examples of partial 

DIF,, where the IRFs of the two groups are equal for at least one latent trait 

value.. However, in the example in Figure 2.2 unidirectional DIF exists, 

whereass in the example in Figure 2.3 bidirectional DIF exists. 

Thee complement of partial DIF is complete DIF. Complete DIF means 

thatt there does not exist a latent trait value for which the probabilities of 

aa correct or positive item score are equal for both groups, that is, the IRFs 

off  the two groups do not intersect or touch. The definition of complete DIF 

is s 

ppxx (9)  ̂ P2 {9), for all 9. (2.28) 

Inn terms of the latent odds-ratio the definition of complete DIF is 

LU{9)LU{9)  ̂ 1, for all 9. (2.29) 

Iff  complete DIF exists, then 

Pii  (9) > P2 {9), for all 9. (2.30) 

Inn terms of the latent odds-ratio this order restriction is rewritten as 

u{9)u{9) > 1, for all 9. (2.31) 

Thee graphical representations in Figures 2.1 and 2.4 are examples of com-

pletee DIF, where the IRFs of the two groups are unequal for all latent trait 

values. . 
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2.44 Relationships among types of DIF 

Inn this section, the relationships among the types of DIF defined in the 

previouss section that are not complementary by definition are examined 

inn the two-group situation. It is assumed that the IRFs are continuous 

functionss of the latent trait. Successively, the relationships between two 

pairss of complementary types of DIF are discussed. 

2.4.11 Unifor m and nonuniform DI F in relation to unidirec-

tionall  and bidirectional DI F 

Inn this subsection the relationships are discussed between: (1) uniform 

andd unidirectional DIF, (2) uniform and bidirectional DIF. (3) nonuniform 

andd unidirectional DIF, and (4) nonuniform and bidirectional DIF. The 

relationshipss are reported in Table 2.1 and they are shown in Figure 2.9. 

(1)) Hanson (1998) has shown that uniform DIF implies unidirectional 

DIF.. That is, uniform DIF must be unidirectional, whereas unidirectional 

DIFF does not have to be uniform. In Table 2.1, this relationship between 

thee row type of unidirectional DIF and the column type of uniform DIF is 

indicatedd by the symbol <=. 

(2)) If DIF is uniform, then it is unidirectional and it can not be bidirec-

tionall  because unidirectional and bidirectional DIF are mutually exclusive 

concepts.. Therefore, uniform DIF and bidirectional DIF are mutually ex-

clusivee concepts: uniform DIF can not be bidirectional and bidirectional 

DIFF can not be uniform. In Table 2.1, this relationship between the rowr 

typee of bidirectional DIF and the column type of uniform DIF is indicated 

byy the symbol 0. 

(3)) From the definitions of nonuniform DIF and unidirectional DIF it 

followss that these concepts partly overlap. Throughout this section, two 

typess of DIF are called partly overlapping concepts, when the types of DIF 

aree not equivalent, when one of the types of DIF does not imply and is not 

impliedd by the other type, and when the types are not mutually exclusive. 

Thee proof of this relationship between nonuniform DIF and unidirectional 

DIFF goes as follows. The latent odds-ratio definition of nonuniform DIF 
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(Equationn 2.16) states that the latent odds-ratio is not equal to a constant, 

whichh means that the IRFs of the two groups may or may not intersect. On 

thee other hand, the definition of unidirectional DIF (Equations 2.18 and 

2.19)) states that the IRFs of the two groups do not intersect, which means 

thatt the latent odds-ratio may or may not be constant. If the latent odds-

ratioo is not equal to a constant, but for all values of the latent trait larger 

thann or equal to 1, or equivalently, for all values of the latent trait smaller 

thann or equal to 1, then nonuniform unidirectional DIF exists. However, 

iff  the latent odds-ratio is not equal to a constant, but for at least one 

latentt trait value smaller than 1 and for at least one other latent trait 

valuee larger than 1, then nonuniform bidirectional DIF exists. On the 

otherr hand, if the latent odds-ratio is equal to a constant, then uniform 

DIFF exists, which in its turn implies unidirectional DIF. So nonuniform 

DIFF can be unidirectional or bidirectional and unidirectional DIF can be 

uniformm or nonuniform. In Table 2.1, this relationship between the row type 

off  unidirectional DIF and the column type of nonuniform DIF is indicated 

byy the symbol <%>. 

(4)) In the previous paragraph, it has been shown that nonuniform DIF 

doess not have to be bidirectional. However, in what follows it is shown that 

bidirectionall  DIF must be nonuniform. Bidirectional DIF is defined by a 

latentt odds-ratio larger than 1 for at least one latent trait value and smaller 

thann 1 for at least one other latent trait value (Equation 2.21), which means 

thatt the IRFs of the two groups intersect. So in case of bidirectional DIF the 

latentt odds-ratio is not equal to a constant and, therefore, bidirectional DIF 

cann not be uniform. If bidirectional DIF can not be uniform, then it must 

bee nonuniform, because uniform and nonuniform DIF are complementary. 

Inn Table 2.1, this relationship between the row type of bidirectional DIF 

andd the column type of nonuniform DIF is indicated by the symbol =>. 

2.4.22 Unifor m and nonuniform DI F in relation to parallel 

andd nonparallel DI F 

Inn this subsection the relationships are discussed between: (1) uniform 

andd parallel DIF, (2) uniform and nonparallel DIF, (3) nonuniform and 
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parallell  DIF, and (4) nonuniform and nonparallel DIF. The relationships 

aree reported in Table 2.1 and they are shown in Figure 2.9. 

(1)) Hanson (1998) has shown that uniform DIF and parallel DIF partly 

overlap.. That is, uniform DIF can be parallel or nonparallel and parallel 

DIFF can be uniform or nonuniform. In Table 2.1, this relationship be-

tweenn the column type of uniform DIF and the row type of parallel DIF is 

indicatedd by the symbol (g). 

Fromm the relationship between uniform and parallel DIF it follows that 

uniformm DIF can be nonparallel and that nonuniform DIF can be parallel, 

butt it is not yet clear what the precise logical relationships are between 

uniformm and nonparallel DIF and between nonuniform and parallel DIF. 

However,, if it is shown that nonuniform DIF and nonparallel DIF are not 

mutuallyy exclusive concepts, then it follows that uniform and nonparallel 

DIFF partly overlap, that nonuniform and parallel DIF partly overlap, and 

thatt nonuniform and nonparallel DIF partly overlap. The following indeed 

showss that nonuniform DIF and nonparallel DIF are not mutually exclusive 

concepts.. If the latent odds-ratio is a nondecreasing function of the latent 

trait,, ranging from values smaller than one to values larger than one, then 

forr at least one latent trait value this function is equal to 1, and e (from the 

definitionss of parallel and nonparallel DIF, Equations 2.22, 2.23, 2.24 and 

2.25)) is not a constant function of the latent trait, but varies and changes 

signn over 9. In this case nonuniform and nonparallel DIF exist at the same 

time.. So these concepts are not mutually exclusive and consequently, (2) 

uniformm and nonparallel DIF partly overlap, (3) nonuniform and parallel 

DIFF partly overlap, and (4) nonuniform and nonparallel DIF partly overlap. 

Inn Table 2.1, these three relationships are also indicated by the symbol <gi. 

2.4.33 Unidirectional and bidirectional DI F in relation to 

parallell  and nonparallel DI F 

Inn this subsection the relationships are discussed between: (1) unidirec-

tionall  and parallel DIF, (2) unidirectional and nonparallel DIF, (3) bidi-

rectionall  and parallel DIF, and (4) bidirectional and nonparallel DIF. The 

relationshipss are reported in Table 2.1 and they are shown in Figure 2.9. 
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(1)) Hanson (1998) states that parallel DIF implies unidirectional DIF. 

Thatt is, parallel DIF is unidirectional, whereas unidirectional DIF does not 

havee to be parallel. The proof that parallel DIF is unidirectional in case of 

strictlyy increasing IRFs, was given by Hanson and goes as follows. With 

strictlyy increasing IRFs, if Pi(9) = P2{9 + e) for all 0, then Pi{6) < P2{0) 

forr all 9 if e < 0, and Pi(0) > P2(6) for all 9 if e > 0. With monotone 

nondecreasingg IRFs the proof must be slightly modified and goes as follows. 

Withh monotone nondecreasing IRFs, if P\{9) = P2(9 + e) for all 9, then 

Pi{0)Pi{0) < P2(0) for all 9 if e < 0, and Px{9) > P2(9) for all 9 if e > 0. In 

orderr to complete the proof that unidirectional DIF does not have to be 

parallel,, it now suffices to show that unidirectional and nonparallel DIF 

cann exist at the same time. If e is not a constant, but varies with 9, then 

nonparallell  DIF exists. If e is not a constant function of (9, then it does not 

havee to change sign over 9. If e as a function of 9 does not change sign, 

thenn e does not have to be a constant and unidirectional DIF exists. So 

unidirectionall  and nonparallel DIF can exist at the same time. In Table 

2.1,, this relationship between the row type of parallel DIF and the column 

typee of unidirectional DIF is indicated by the symbol =>. 

(2)) In the previous paragraph, it has been shown that unidirectional DIF 

cann be parallel or nonparallel and that parallel DIF implies unidirectional 

DIF.. However, nonparallel DIF can be unidirectional but does not imply 

unidirectionall  DIF. The definition of nonparallel DIF (Equations 2.24 and 

2.25)) states that e is not a constant, but varies over 9. The definition of 

nonparallell  DIF states that e changes sign over 9. If e changes sign over 6>, 

thenn the IRFs of the two groups intersect and bidirectional DIF exists. So 

unidirectionall  DIF and nonparallel DIF are partly overlapping concepts: 

unidirectionall  DIF can be parallel or nonparallel and nonparallel DIF can 

bee unidirectional or bidirectional. In Table 2.1, this relationship between 

thee row type of nonparallel DIF and the column type of unidirectional DIF 

iss indicated by the symbol ®. 

(3)) If parallel DIF must be unidirectional, then it can not be bidirec-

tionall  because unidirectional and bidirectional DIF are mutually exclusive 

concepts.. Conversely, bidirectional DIF can not be parallel, because par-

allelallel DIF implies unidirectional DIF. Thus, parallel DIF and bidirectional 
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DIFF are mutually exclusive concepts. In Table 2.1, this relationship be-

tweenn the row type of parallel DIF and the column type of bidirectional 

DIFF is indicated by the symbol 0. 

(4)) If bidirectional DIF can not be parallel, then it implies nonparal-

lell  DIF, because parallel and nonparallel DIF are complementary. Thus, 

bidirectionall  DIF implies nonparallel DIF. In Table 2.1, this relationship 

betweenn the row type of nonparallel DIF and the column type of bidirec-

tionall  DIF is indicated by the symbol -<=. 

2.4.44 Partial and complete DI F in relation to unifor m and 
nonunifor mm DI F 

Inn this subsection the relationships are discussed between: (1) partial and 

uniformm DIF, (2) partial and nonuniform DIF, (3) complete and uniform 

DIF,, and (4) complete and nonuniform DIF. The relationships are reported 

inn Table 2.1 and they are shown in Figure 2.9. 

(1)) From the definitions of partial DIF and uniform DIF it follows that 

thesee concepts are mutually exclusive. The latent odds-ratio definition of 

partiall  DIF (Equation 2.27) states that the latent odds-ratio is equal to 1 

forr at least one latent trait value, but not for all latent trait values, which 

meanss that the IRFs of the two groups touch. From this definition of 

partiall  DIF it follows that the latent odds-ratio is not a constant function 

off  9 unequal to 1. Therefore, partial DIF and uniform DIF can not exist 

att the same time. In Table 2.1, this relationship between the row type of 

partiall  DIF and the column type of uniform DIF is indicated by the symbol 

0. . 

(2)) If partial DIF can not be uniform, then it must be nonuniform, be-

causee uniform and nonuniform DIF are complementary concepts. However, 

nonuniformm DIF can be complete DIF. The latent odds-ratio definition of 

nonuniformm DIF (Equation 2.16) states that the latent odds-ratio is not a 

constantt function of 9. This definition of nonuniform DIF does not state 

thatt the latent odds-ratio must be equal to 1 for at least one latent trait 

value.. If the latent odds-ratio is not equal to 1 for all latent trait val-

ues,, then complete DIF is defined to exist (Equations 2.29 and 2.31). So 
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nonuniformm DIF can be partial or complete. Therefore, partial DIF implies 

nonuniformm DIF. In Table 2.1, this relationship between the row type of 

partiall  DIF and the column type of nonuniform DIF is indicated by the 

symboll  =>. 

(3)) If uniform DIF can not be partial, then it must be complete, because 

partiall  and complete DIF are complementary concepts. So uniform DIF 

impliess complete DIF. In Table 2.1, this relationship between the row type 

off  complete DIF and the column type of uniform DIF is indicated by the 

symboll  4=. 

(4)) From the definitions of complete DIF and nonuniform DIF it follows 

thatt these concepts partly overlap. The latent odds-ratio definition of com-

pletee DIF (Equations 2.29 and 2.31) states that the latent odds-ratio is not 

equall  to 1 for all latent trait values, from which it follows that the latent 

odds-ratioo may or may not be a constant function of 9. On the other hand, 

thee latent odds-ratio definition of nonuniform DIF (Equation 2.16) states 

thatt the latent odds-ratio must not be a constant function of 0, from which 

itt follows that the latent odds-ratio may or may not be equal to 1 for at 

leastt one latent trait value. If the latent odds-ratio is a constant larger or 

smallerr than 1 for all latent trait values, then complete uniform DIF exists. 

Iff  the latent odds-ratio is not a constant function of 6, but for all values 

off  the latent trait larger or smaller than 1, then complete nonuniform DIF 

exists.. If the latent odds-ratio is not a constant function of 0 and for at 

leastt one latent trait value equal to 1, then partial nonuniform DIF exists. 

Soo complete DIF can be uniform or nonuniform and nonuniform DIF can 

bee partial or complete. In Table 2.1, this relationship between the row type 

off  complete DIF and the column type of nonuniform DIF is indicated by 

thee symbol <g>. 

2.4.55 Partial and complete DI F in relation to unidirectional 
andd bidirectional DI F 

Inn this subsection the relationships are discussed between: (1) partial and 

unidirectionall  DIF, (2) partial and bidirectional DIF, (3) complete and uni-

directionall  DIF, and (4) complete and bidirectional DIF. The relationships 
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aree reported in Table 2.1 and they are shown in Figure 2.9. 

(1)) From the definitions of partial and unidirectional DIF it follows that 

thesee concepts part ly overlap. The latent odds-ratio definition of partial 

D I FF (Equation 2.27) states that the latent odds-ratio is equal to 1 for at 

leastt one latent trait value, but not for all latent trait values. From this 

definitionn it follows that the latent odds-ratio may or may not vary as a 

functionn of 6 between values smaller than 1 and values larger than 1. On the 

otherr hand, the latent odds-ratio definition of unidirectional DIF (Equation 

2.19)) states that the latent odds-ratio is either smaller than or equal to 1 

forr all latent trait values, or larger than or equal to 1 for all latent trait 

values.. From this definition of unidirectional DIF it follows that the latent 

odds-rat ioo may or may not be equal to 1 for at least one latent trait value. 

Iff  the latent odds-ratio is either smaller than or equal to 1. or larger than 

orr equal to 1 for all latent trait values, and for at least one latent trait 

valuee equal to 1. then partial unidirectional DIF exists. If the latent odds-

rat ioo varies as a function of 9 between values smaller than 1 and values 

largerr than 1, then the latent odds-ratio is for at least one latent trait value 

equall  to 1 and partial bidirectional DIF exists. If the latent odds-ratio is 

smallerr than 1 or larger than 1 for all latent trait values, then complete 

unidirectionall  DIF exists. In Table 2.1, this relationship between the row 

typee of partial DIF and the column type of unidirectional DIF is indicated 

byy the symbol ®. 

(2)) In the previous paragraph, it has been shown that partial DIF can 

bee unidirectional or bidirectional. However, from the definitions of partial 

DI FF and bidirectional DIF it follows that bidirectional DIF must be partial 

DI FF and thus, can not be complete DIF. The definition of bidirectional DIF 

(Equationss 2.20 and 2.21) means that the IRFs of the two groups intersect 

att least once. Therefore, in case of bidirectional DIF the latent odds-ratio 

mustt be equal to 1 for at least one latent trait value. If the latent odds-ratio 

iss equal to 1 for at least one latent trait value, then partial DIF is defined 

too exist (Equation 2.27). Consequently, bidirectional DIF implies partial 

DIF.. In Table 2.1, this relationship between the row type of partial DIF 

andd the column type of bidirectional DIF is indicated by the symbol <=. 

(3)) In the second paragraph of this subsection, it has also been shown 
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thatt unidirectional DIF can be partial or complete. However, from the 

definitionss of complete DIF and unidirectional DIF it follows that complete 

DIFF is unidirectional and thus, can not be bidirectional. Complete DIF 

meanss that P\{9) — P2{6) 7̂  0, for all latent trait values, and consequently, 

thiss difference function does not change sign over 0. Thus, complete DIF 

cann not be bidirectional, otherwise P\{9) — Pi{9) must be equal to zero 

forr at least one latent trait value and must change sign over 9. Therefore, 

completee DIF implies unidirectional DIF. In Table 2.1, this relationship 

betweenn the row type of complete DIF and the column type of unidirectional 

DIFF is indicated by the symbol =». 

(4)) If bidirectional DIF implies partial DIF, then it can not be com-

pletee DIF, because partial DIF and complete DIF are mutually exclusive 

concepts.. If complete DIF implies unidirectional DIF, then it can not be 

bidirectionall  DIF, because unidirectional and bidirectional DIF are mutu-

allyy exclusive concepts. Therefore, bidirectional DIF and complete DIF are 

alsoo mutually exclusive concepts. This relationship between bidirectional 

DIFF and complete DIF also follows from their definitions, which has already 

beenn shown in the previous paragraph. In Table 2.1, this relationship be-

tweenn the row type of complete DIF and the column type of bidirectional 

DIFF is indicated by the symbol 0. 

2.4.66 Partial and complete DI F in relation to parallel and 

nonparallell  DI F 

Inn this subsection the relationships are discussed between: (1) partial and 

parallell  DIF, (2) partial and nonparallel DIF, (3) complete and parallel 

DIF,, and (4) complete and nonparallel DIF. The relationships are reported 

inn Table 2.1 and they are shown in Figure 2.9. 

(1)) Parallel DIF exists if P\{9) = P2(9+e), for all 6, where e is a constant 

unequall  to zero. If e is a positive value and if P2(9 + e) is a nondecreasing 

functionn in 0, then P2(B) < P2{9 + e) for all 9. Replacing P2{9 + e) by 

Pi{0),Pi{0), which are equal according to the definition of parallel DIF, yields 

^2(0)) < P\{9) f° r a u 0- So in case of parallel DIF, P\{9) may or may not be 

equall  to P2(0) for a least one latent trait value, which means that parallel 
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DI FF can be partial or complete. 

(2)) Nonparallel DIF is defined to exist if e is not a constant, but varies 

wit hh 8. The definition of nonparallel DIF allows e to be equal to 0 for at 

leastt one latent trait value. If e is equal to 0 for at least one latent trait 

value,, then P\{6) = P^iO) for at least one latent trait value and partial 

DI FF exists (Equation 2.26). If e is not equal to 0 for at least one latent 

t ra itt value, then P\{9)  ̂ p2{0) for all latent trait values and complete DIF 

existss (Equation 2.28). So nonparallel DIF can also be partial or complete. 

(3:: 4) Therefore, both parallel DIF and nonparallel DIF can be either 

part iall  or complete, and both partial DIF and complete DIF can be either 

parallell  or nonparallel. which means that parallel and partial DIF partly 

overlap,, that parallel and complete DIF part ly overlap, that nonparallel 

andd partial DIF partly overlap, and that nonparallel and complete DIF 

part lyy overlap. In Table 2.1, all four relationships are indicated by the 

symboll  ®. 

Tablee 2.1: Relationships among general types of DIF 
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2.4.77 Overview 

Inn Table 2.1, the results for all general types of DIF combinations are 

summarized.. The symbols, of which most have already been mentioned in 

thee previous section, are used to denote what kind of relationship exists 

betweenn two general types of DIF. Abbreviations of the types of DIF and 

thee symbols are explained in the note underneath the table. 

Crossingg the four DIF distinctions yields sixteen DIF variations, that 

aree shown in Figure 2.5. From the relationships among the general types 
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Figuree 2.5: Sixteen DIF variations 

off  DIF, summarized in Table 2.1, it follows that not all of these DIF vari-

ationss exist. First, it follows that only two special types of uniform DIF 

exist.. The implications show that uniform DIF must be both unidirectional 
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andd complete and can not be bidirectional or partial. However, since uni-

formm DIF. unidirectional DIF and complete DIF can each be either parallel 

orr nonparallel. uniform-unidirectional-complete DIF can be either parallel 

orr nonparallel. Second, it follows that only five types of nonuniform DIF 

exist.. Nonuniform DIF can be either unidirectional or bidirectional. If 

nonuniformm DIF is unidirectional, then it can be either parallel or nonpar-

allel.. If nonuniform-unidirectional DIF is parallel, then it can be either 

partiall  or complete. If nonuniform-unidirectional DIF is nonparallel, then 

itt can also be either partial or complete. On the other hand, if nonuni-

formm DIF is bidirectional, then it must be nonparallel and partial. So from 

thee relationships among the general types of DIF it follows that for the 

dichotomouss IRT model defined by the assumptions of unidimensionality 

andd nondecreasing IRFs only seven DIF variations exist, that is: 

(1)) uniform-parallel DIF (Figure 2.6), 

(2)) uniform-nonparallel DIF (Figure 2.1), 

(3)) nonuniform-unidirectional-parallel-complete DIF (Figure 2.4), 

(4)) parallel-partial DIF (Figure 2.7), 

(5)) nonuniform-unidirectional-nonparallel-complete DIF (Figure 2.8), 

(6)) nonuniform-unidirectional-nonparallel-partial DIF (Figure 2.2), and 

(7)) bidirectional DIF (Figure 2.3). 

ITT ..... 

PO)) / / 

Figuree 2.6: Uniform-parallel DIF 
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P(6) ) 

Figuree 2.7: Parallel-partial DIF 

P(6) ) 

Figuree 2.8: Nonuniform-unidirectional-nonparallel-complete DIF 

Thee relationships among the general types of DIF are combined in a dia-

gramm displayed in Figure 2.9, which represents the whole DIF space. Each 

off  the inner lines separates two general complementary types of DIF and 

thus,, cuts the whole DIF space into two segments. The separate areas 

representt the seven distinct types of DIF. 

2.55 Types of DIF for nonparametric and paramet-

ricc IRT models 

Thee seven special types of DIF have been distinguished for the dichoto-

mouss IRT model defined by the assumptions of unidimensionality and non-

decreasingg IRFs. If this model holds in each of two separate groups of 

examinees,, then it does not necessarily need to hold in the combined group 
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uf-ud-pl-cp p 
(Fig.. 2.6) 
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// (Fig. 2 . 2 Ï ^ " 

// ^ ^ 

// ^  ̂ nu-bi-np-pt 
/ / / // (Fig. 2.3) 

Figuree 2.9: A diagram displaying mutually exclusive types of DIF; see Table 

2.11 for the abbreviations 

off  all examinees because of the possibility of DIF. If DIF exists, then the 

assumptionn of unidimensionality is violated and the model does not hold 

inn the combined group of all examinees. So if the general model holds in 

eachh of the two separate groups, but not in the combined group of all ex-

aminees,, then one of the seven types of DIF must exist, but none of them 

cann be excluded a priori. In the following subsections, it is examined which 

off  these special types of DIF in this sense can exist for or are excluded by 

Mokken'ss (1971) nonparametric IRT models, Birnbaum's (Lord &; Novick, 

1968)) three- and two-parameter logistic models and Rasch's (1960) one-

parameterr logistic model. 

2.5.11 Mokken' s nonparametric M H and DM model 

Sincee Mokken's nonparametric MH model (Mokken, 1971; Mokken & Lewis, 

1982;; Mokken, Lewis & Sijtsma, 1986; Junker, 1993; Meijer, Sijtsma & 

Molenaar,, 1995) is in fact equivalent to the general IRT model discussed 

inn this chapter, all seven types of DIF can exist for the MH model. In 

Sectionn 2.2, it has been shown that conditional independence logically fol-

lowss from the assumption of unidimensionality. Therefore, Mokken's MH 
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modell  is already defined by the two basic assumptions of unidimension-

alityy and monotone nondecreasing IRFs. The assumption of conditional 

independencee is redundant. 

Mokken'ss (1971) nonparametric DM model has the additional assump-

tionn of Invariant Item Ordering (IIO) (Sijtsma & Junker, 1996), which 

meanss that the IRFs of different items are not allowed to intersect. Be-

causee of this additional assumption, the shape of each IRF is restricted by 

thee shape of the IRFs of other items. However, in contrast to the IRFs 

off  the one-, two- and three-parameter logistic models, the IRFs of the DM 

modell  are still just monotone increasing (nondecreasing) functions of the 

latentt trait and therefore, each of the seven types of DIF distinguished can 

alsoo exist for the DM model. Since the IRFs of the parametric models 

aree strictly increasing logistic functions of the latent trait, for these models 

certainn specific types of DIF are excluded. 

2.5.22 Bi rnbaum' s three-parameter  logist ic model 

Inn this subsection and in those that follow, the item subscript is again 

omittedd because each expression is stated at the individual item level. The 

subscriptss used refer to the two groups. 

Thee IRF of an item under Birnbaum's three-parameter logistic model 

iss given by 

^ )) = 7 + ( l - 7 ) 1 + e Q ( M ) , (2-32) 

wheree the parameters 7, a and 0 are usually interpreted as a pseudo-

guessing,, a discrimination and a difficulty parameter, respectively. Using 

thee transformations a = a, b — —a(3 and c = 7, the IRF is rewritten as 

eeaO+b aO+b 
P(0)) = c + ( l - c ) T T - ^ . (2.33) 

Substitutingg the right-hand side of Equation 2.33 into the definition 

off  uniform DIF, given in terms of the latent odds-ratio function for the 

two-groupp situation in Equation 2.14, yields (Hanson, 1998) 

,,mm ( l - c 2 ) ( c1 + e-*+t ' ) 
" WW = (i-cOfe + e ^ ) =S* l> (2' 34) 
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wheree 0 < c i < l , 0 < C 2 < l, and 6 is a constant not equal to one. From 

Equationn 2.34 it follows that the function u){0) is a constant function equal 

too 6 if and only if the function 

r ,, _i_ pai&+bi 

iss a constant function of 9 equal to / |~ l̂ö. The function A(0) is a constant 

functionn of 6 if and only if the derivative of \{0) with respect to 6 is equal 

too zero for all 9. Therefore, the set of solutions for the item parameters is 

obtainedd by solving the identity 

a i0+6i i 

0.. (2.36) 
A'ww = s C\ C\ 

C22 +ea29+b2 

Thee derivative of X(9) is obtained by using the quotient rule 

w / mm (c2 + ea* 6+b2)aieaie+bl - {a + e
a'e+b')a2e

a20+h 

Settingg the derivative X'(9) equal to zero yields 

dd +eai0+bl _ aie
a'e+bl 

C2+eC2+eaa22e+be+b22 =  a2ea2e+b2' (2-38) 

multipyingg both sides with e_a $_u yields 

C i e- a i ö - 6,, + 1 

C2eC2e-a-a220~b0~b22 _|_ i 

aicaic22e~e~a2da2d--b2b2 +ai 

,.,.2e2e-b2-b2 . e-a28 + a i 

= = 

= = 

a ll  , , 

02 2 

a2cie-a i e-611 + a2 

a2cie"611 - e - °l ö + a2, (2.39) ) 

whichh gives the set of solutions {aic2e~b2 = a2Cie_bl, — a2 = — fti,ai = a2}-

Soo for uniform DIF to exist, a\ = a2 = a and cie- 01 = c2e~b2 must hold, 

otherwisee the latent odds-ratio depends on the latent trait. 

Hansonn (1998) showed that for the three-parameter logistic model par-

allell  DIF exists if and only if b\  ̂ b2, a\ = a2 = a and c\ = c2 = c. He 

showedd that parallel DIF is nonuniform (DIF type (3)) when a\ = a2 = a 

andd c\ = c2 = c > 0. Then, for the three-parameter logistic model it 

followss that parallel DIF is uniform (DIF type (1)) if and only if b\  ̂ b2, 
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aiai = Ü2 — a and c\ — C2 = c = 0. For if c > 0, then the difficulty parame-

terss of the two groups must be equal for uniform DIF to exist. But, when 

thee difficulty parameters are equal, no DIF exists, because then all item 

parameterss are the same in both groups. If the conditions a\ = a2 = a, 

c\e~c\e~blbl = C2e"b2, c\ ^ C2 and b\ ^ &2 hold, then uniform-nonparallel DIF 

(DIFF type (2)) exists. 

Iff  for the three-parameter logistic model DIF is parallel, then it is also 

complete,, because the logistic function is a strictly increasing function of 

thee latent trait. So parallel-partial DIF (DIF type (4)) can not exist for 

thiss model. 

Iff  DIF is nonuniform, unidirectional and nonparallel, then for the three-

parameterr logistic model it can also be either partial or complete (DIF types 

(5)) and (6)). If a\ > a  ̂ and c\ > C2, then there can exist b values for the 

groupss for which the IRFs touch in a single point. In that case the IRFs do 

nott intersect and partial DIF (DIF type (6)) exists. However, if under the 

samee conditions the absolute difference between the 6-parameter values is 

larger,, then complete DIF exists (DIF type (5)). 

Furthermore,, for the three-parameter logistic model bidirectional DIF 

(DIFF type (7)) can exist, for example when a\ ^ (22, b\ = 62 and c\ = C2. 

However,, bidirectional DIF for the three-parameter logistic model means 

thatt the IRFs of the two groups intersect in at least one and in at most 

twoo points and can not be equal for a fixed interval of latent trait values. 

Sincee bidirectional DIF implies partial DIF, for the three-parameter logistic 

modell  partial DIF also means that the IRFs of the two groups coincide in 

att least one and in at most two points. 

Soo if Birnbaum's three-parameter logistic model holds in each of the 

twoo groups, but not in the combined group of all examinees, then only 

parallel-partiall  DIF (DIF type (4)) is excluded by the model and the other 

sixx types of DIF can exist. 

2.5.33 Birnbaum' s two-parameter  logistic model 

AA special case of the three-parameter logistic model is Birnbaum's two-

parameterr logistic model, for which c = 0. Under Birnbaum's two-parameter 
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logisticc model the general definition of DIF implies that (a\ — Ü2}0 + [b\ — 

62))  ̂ 0, which means that either a\  ̂ a.2 or b\  ̂ 62 holds or that both 

hold. . 

Ass has been shown by Hanson (1998), if only the a-parameters are 

equall  for the two groups, then uniform DIF exists, which is equivalent to 

unidirectionall  DIF and to parallel DIF. Moreover, this type of DIF is also 

complete,, because uniform DIF implies complete DIF, as has been shown 

inn Subsection 2.4.4. On the other hand, if the a-parameters are not equal, 

thenn regardless of the 6-parameters, nonuniform DIF exists, which is always 

bidirectional,, nonparallel and partial. 

Thus,, if Birnbaum's two-parameter logistic model holds in each of the 

twoo groups but not in the combined group of all examinees, then only two 

off  the seven types of DIF can exist, that is, DIF that is uniform, unidirec-

tional,, parallel and complete (DIF type (1)) and DIF that is nonuniform, 

bidirectional,, nonparallel and partial (DIF type (7)); the other five types 

off  DIF are excluded. 

2.5.44 Rasch's one-parameter  logistic model 

AA special case of Birnbaum's two-parameter logistic model is the one-

parameterr logistic Rasch (1960) model, for which the a-parameter is equal 

forr all items and a = a\ = 02 f° r every item. Consequently, under Rasch's 

modell  the general definition of DIF implies that b\ ^ 62. So if Rasch's one-

parameterr logistic model holds in each of the two groups, but not in the 

combinedd group of all examinees, then uniform DIF exists, which is equiva-

lentt to unidirectional DIF, parallel DIF and complete DIF (DIF type (1)); 

thee other six types of DIF are excluded. 

2.66 Discussion 

Inn this chapter, the relationships between unidimensionality and condi-

tionall  independence and between unidimensionality and DIF have been 

discussed.. For the dichotomous IRT model defined by the assumptions of 

unidimensionalityy and nondecreasing IRFs, specific types of DIF have been 
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definedd in case of two groups of examinees. A distinction between partial 

andd complete DIF has been introduced which is especially relevant for non-

parametricc IRT models. The relationships among types of DIF that are 

nott complementary by definition have been examined and, finally, it has 

beenn investigated which of the resulting specific types of DIF can exist for 

well-knownn nonparametric and parametric IRT models, and which types of 

DIFF are excluded. 

Forr the general dichotomous IRT model discussed in this chapter it has 

beenn shown that unidimensionality implies both conditional independence 

andd the absence of DIF. This means that if the model fits the data, then the 

itemm scores are conditionally independent and none of the items functions 

differentially.. So, a violation of the assumption of unidimensionality can 

expresss itself through items that are not conditionally independent given 

thee latent trait or, depending on the measurement model, through different 

typess of DIF. However, if items are conditionally independent given the la-

tentt trait and do not function differentially with respect to some grouping 

variable,, then the items can still be multidimensional. First, each of the 

itemss could measure one or more additional latent traits that are not mea-

suredd by the other items. Second, there could always be another grouping 

variablee or some other variable with respect to which at least one of the 

itemss functions differentially. 

Thee different IRT models examined in this chapter differ from one an-

otherr by the assumption about the shape of the IRFs. It is clear that this 

assumptionn has consequences for the exclusion of specific types of DIF by 

eachh model. For example, if the Rasch model holds in two separate groups, 

thenn six out of the seven types of DIF distinguished under the general di-

chotomouss IRT model are excluded. In general, the less the assumed IRFs 

aree restrictive to the data, the fewer types of DIF are excluded and the 

moree types of DIF can exist. 

Thee four DIF distinctions used in this chapter are somewhat arbitrary. 

Otherr DIF distinctions can be made, for instance, one which is based on a 

definitionn of a type of DIF for which the latent odds-ratio is a nondecreasing 

functionn or even a parametric function. Moreover, nonparametric types 

off  DIF can be distinguished from parametric types of DIF. For example, 
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aa special parametr ic type of nonparallel DIF can be defined as P\ (0) = 

PiPi (??# + e). for all 8 and t]   ̂ 1 or e  ̂ 0. However, the four DIF distinctions 

usedd in this chapter have in one way or another been shown to be relevant 

forr DI F detection or test administration. 

AA conceptual analysis of specific types of DIF is important for the de-

velopmentt and investigation of DIF detection methods. The definition of 

aa specific type of DIF can be used to formulate the alternative hypothe-

siss within a DIF detection method, against which the null hypothesis of 

noo DI F can be tested. Different DIF detection methods exist in which 

differentt alternative DIF hypotheses are used. Two of the many DIF detec-

tionn methods proposed (Millsap k. Everson. 1993) are the Mantel-Haenszel 

proceduree (Holland & Thayer, 1988) and the logistic regression procedure 

(Swaminathann h Rogers. 1990). The null hypothesis to be tested in the 

Mantel-Haenszell  procedure is that the odds of a positive or correct item 

scoree in two different groups of examinees are equal for each total score level. 

Forr situations in which this null hypothesis is equal to the null hypothesis of 

equall  IRFs in different groups of examinees (Zwick, 1990). the null hypoth-

esiss is tested against the alternative hypothesis of uniform DIF. In spite of 

thiss alternative hypothesis of uniform DIF. it has been shown that nonuni-

formm DIF can also be detected by means of the Mantel-Haenszel procedure 

(Mazor.. Clauser & Hambleton, 1994). So. when the Mantel-Haenszel null 

hypothesiss of no DIF is rejected rightly, it is unkown which type of DIF 

hass been detected. On the other hand, in the logistic regression procedure 

hypothesess are tested regarding both uniform and nonuniform DIF, and 

simulationn studies have shown that in using the logistic regression proce-

duree both types of DIF can be identified (Swaminathan & Rogers. 1990: 

Rogerss & Swaminathan, 1993). So different detection methods exist that 

aree able to identify different types of DIF. Such methods must be robust and 

mustt have good statistical power, and both the robustness and the power 

forr detecting a specific type of DIF depend on the specific alternative DIF 

hypothesess used within the DIF detection method. 
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Abst rac t t 

AA simulation study was conducted to investigate the robustness and 

thee power of the Logistic Regression (LR) procedure in detecting both 

uniformm and nonuniform DIF in the two-group situation. Data were 

generatedd by means of item response functions that followed Mokken's 

nonparametricc Monotone Homogeneity (MH) model, but did not fol-

loww one of the well-known logistic models, such as the one-, two- and 

threee parameter logistic models. Nine factors were manipulated: total 

samplee size, sample size difference between groups, test length, ability 

distributionn difference, kind of DIF. DIF effect size, item difficulty, item 

discriminationn and shape of the item response function. In general, the 

resultss showed that the null hypothesis of no DIF was too often rejected 

andd that under most conditions the power to detect DIF was insufficient. 

3.11 Introduction 

Overr the last three decades, the detection of Differential I tem Function-

ingg (DIF) has become an important topic in psychological and educational 

measurement.. An item of a psychological test is said to be differentially 

functioningg if the examinees' responses to the item are not only determined 

byy the latent trait intended to be measured but also by another trait, called 

aa violator (Oort, 1992). If such a violator, which is often hard to identify 

inn advance, is related to group membership, then the item wil l function dif-

ferentiallyy between groups. In case of dichotomous item scores this means 
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fromm the Item Response Theory (IRT) point of view that examinees with 

thee same latent trait value but from different subgroups have different prob-

abilitiess of giving a positive response to an item. Thus, the Item Response 

Functionss (IRFs) across subgroups are not identical (Hambleton k Swami-

nathan,, 1985, chapter 9). 

AA distinction can be made between uniform and nonuniform DIF (Mel-

lenbergh,, 1982). Uniform DIF means that there is no interaction between 

abilityy level and group membership and that the IRFs of the subgroups 

doo not intersect, whereas nonuniform DIF means that there is interaction 

betweenn ability level and group membership and that it is possible for the 

IRFss of the subgroups to intersect. 

Manyy methods for detecting DIF have been developed, such as the 

Mantel-Haenszell  procedure (Holland k Thayer, 1988), standardization ap-

proachess (Dorans, 1989; Dorans k Kulick, 1986), the logit method (Mel-

lenbergh,, 1982), logistic regression procedures (Swaminathan k Rogers, 

1990a),, the Simultaneous Item Bias (SIB) procedure (Shealy k Stout, 1993) 

andd parametric IRT approaches (Lord, 1980; Shepard, Camilli k Averill , 

1981;; Candell k Drasgow, 1988; Lautenschlager k Park, 1988; Park k 

Lautenschlager,, 1990; Kim k Cohen, 1992). With respect to these meth-

odss a distinction can be made between observed score based methods which 

aree based on an Observed Conditional Invariance (OCI) model of measure-

mentt bias and unobserved score based methods which are based on an Un-

observedd Conditional Invariance (UCI) model (Meredith k Millsap. 1992; 

Millsapp k Meredith, 1992; Meredith, 1993; Millsap k Everson, 1993). OCI 

forr a given item means that the relationship between the item scores and 

ann observed score as a proxy for the latent trait intended to be measured is 

independentt of group membership, whereas UCI means that the relation-

shipp between the item scores and the latent trait is independent of group 

membership. . 

Thee Mantel-Haenszel procedure, the standardization approaches, the 

logitt method, and the logistic regression procedures are observed score 

basedd methods in which the latent trait is approximated by the observed 

totall  score (the unweighted sum of the dichotomous item scores). The para-

metricc IRT approaches are unobserved score based methods and are based 
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onn an UCI model. The SIB procedure of Shealy and Stout (1993) makes 

usee of a valid subtest for which UCI holds, but the procedure is based on an 

observedd score, the observed valid subtest score. Therefore, this procedure 

cann also be classified as an OCI method. 

Onee of the problems of the parametric IRT approaches in investigating 

DIFF in a realistic situation is that of selecting a measurement model which 

adequatelyy fits the empirical data. Because parametric IRT measurement 

modelss assume a specific parametric form of the IRF, in practial situations 

thesee models may be too restrictive. Therefore, the focus in this chapter 

iss on a nonparametric IRT measurement model with minimal assumptions 

aboutt the form of the IRF. The nonparametric model of interest is Mokken's 

(1971)) Monotone Homogeneity (MH) model for dichotomous item scores. 

Thee MH model is defined by the assumptions of unidimensionality, local 

independencee and nondecreasing IRFs (Mokken & Lewis, 1982; Lewis, 1983; 

Mokken,, Lewis h Sijtsma, 1986; Junker, 1993; Meijer, Sijtsma & Molenaar, 

1995). . 

Inn a situation in which only this nonparametric MH model adequately 

fitss the data, it is impossible to estimate the latent examinee parameter, 

usuallyy denoted by 9. However, it is possible to estimate the ordering of 

examineess on the latent trait, because under the MH model the total score 

hass Monotone Likelihood Ratio (MLR) in 0 (Grayson, 1988; Huynh, 1994). 

MLRR of the total score implies Stochastic Ordering (SO) of the latent trait 

byy the total score (Hemker, Sijtsma, Molenaar &, Junker, 1997), which 

meanss that the observed total score and the latent trait have the same 

stochasticc ordering and that the examinees' rank order of their observed 

totall  scores can be used for estimating their latent trait rank order. 

AA consequence of the impossibility to estimate the latent examinee pa-

rameterr is that DIF detection methods based on the MH model are re-

strictedd to observed score based detection methods which can use the total 

scoree as either a nominal variable or an ordinal variable. Observed score 

basedd detection methods which do not assume a specific form of the IRFs 

andd which only use nominal information available from the total score are 

thee Mantel-Haenszel procedure, the standardization approaches, the logit 

method,, and the SIB procedure. These methods do not use the ordinal 
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informationn available from the total score and are therefore not optimal. 

Onee of the observed score based detection methods that assumes a specific 

formm of the IRFs and that uses interval information available from the total 

scoree is the logistic regression procedure (Swaminathan & Rogers, 1990). 

Throughh different simulation studies, it has been shown that this procedure 

iss powerful in detecting both uniform and nonuniform DIF (Swaminathan & 

Rogers.. 1990; Narayanan & Swaminathan, 1996). In contrast to the other 

observedd score based DIF detection methods, this procedure does not ig-

noree the ordered nature of the total score levels, because it uses interval 

informationn available from the total score. 

Inn the present study, the logistic regression procedure was investigated 

inn identifying both uniform and nonuniform DIF using simulated data that 

followedd Mokken's nonparametric MH model. For a selected number of sit-

uat ionss mean Type 1 error rates and mean detection rates were calculated 

ass indications of the actual level of significance and the power, respec-

tively.. The objective of this study was to investigate whether the logistic 

regressionn procedure could be used in a situation where the data did not 

followw one of the well-known parametric IRT models, like the one-, two-

andd three-parameter logistic models (Rasch, 1960; Birnbaum, 1968), but 

onlyy Mokken's nonparametr ic MH model fitted the data adequately. The 

s tudyy was restricted to dichotomous item scores and to the special case of 

twoo groups, commonly referred to as the reference group (majority) and 

focall  group (minority). This situation has been extensively studied and 

frequentlyy occurs in practical situations. 

3.22 The Logistic Regression procedure 

I nn the logistic regression procedure the logistic regression model is used 

wit hh group membership G as a dummy variable (G = 0 for the reference 

groupp and G = 1 for the focal group). The logistic regression model for 

predictingg the probability of a positive or correct item score (Swaminathan 

SzSz Rogers, 1990) is given by; 

P(*iP(*i  = i ) = T^j—r, (3.1) 
11 + eZx 
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wheree X{ denotes the dichotomous score variable for item i and 

ZiZi = Ti0 + T~nX+ + Ti2G + Tft{X+G), (3.2) 

wheree X+ is the total score, and rls (s = 0 , . . ., 3) are the item parameters, 

whichh can be interpreted as an overall effect, an effect of the total score, 

aa group effect and an interaction effect between the total score and group 

membership,, respectively. 

Thee estimates of the item parameters r^ are obtained by maximizing the 

likelihoodd function. The estimates are asymptotically normally distributed 

(Bock,, 1975) with mean T{S and variance-covariance matrix E, where S"1 

iss the information matrix. If the estimate of r^ significantly deviates from 

zero,, then nonuniform DIF can be inferred, but if it does not significantly 

deviatee from zero and the estimate of r^ does, then uniform DIF can be 

inferred.. For testing the null hypothesis for each of the two parameters 

separatelyy the Wald statistic can be used, which is chi-square distributed 

withh 1 degree of freedom. 

3.33 Methods 

Inn this section, the method of the simulation study is described. 

3.3.11 Des ign 

Thee following nine factors were manipulated: (1) Total Sample Size (TSS), 

(2)) Sample Size Ratio (SSR) between groups, (3) Test Length (TL), (4) 

Abilit yy Distribution Differences (ADD), (5) kind of DIF, (6) DIF Effect 

Sizee (DES), (7) Item Difficult y (IDF), (8) Item Discrimination (IDS) and 

(9)) shape of the IRF. The first four factors are non-item factors and the 

lastt five factors are item factors. 

Thee total sample size varied from 150 to 1500 with intermediate steps 

off  150, producing 10 levels of total sample size. With respect to sample 

sizee differences between groups, two situations were investigated: one in 

whichh the reference and the focal group had the same sample size and one 

inn which they had different sample sizes. In case of unequal sample sizes the 
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focall  group was assigned one third of the total sample size. Test length was 

manipulatedd by setting the number of items to 20, 40 and 60. To investigate 

thee impact of underlying ability distribution differences, two conditions 

weree examined: one in which the distributions were set to be equal with a 

meann of 0 and a standard deviation of 1, and one in which the distributions 

weree set to be unequal with a mean of 0 and a standard deviation of 1 for 

thee reference group and a mean of —1 and a standard deviation of 1 for 

thee focal group. In both conditions ability was normally distributed. Both 

uniformm and nonuniform DIF were simulated and for both types of DIF, 

DIFF area effect size levels were manipulated using the area between the 

IRFss of the two groups. DIF effect size levels were set to a small amount of 

approximatelyy .4 or .5 and to a fairly large amount of approximately .9 or 

1.00 (Raju, 1988). The item characteristics were manipulated by means of 

thee computer program MSRMODAT (Van Slochteren, 1996). This resulted 

inn the selection of relatively easy and difficult items, relatively weakly and 

stronglyy discriminating items and items of different shapes. The proportion 

off  items containing DIF was set at 0 (no DIF condition) and 20%. The 

nominall  level of significance (anom) was not manipulated and was fixed at 

.05. . 

3.3.22 Simulation procedures 

Forr the construction of monotonely nondecreasing IRFs the scale of the 

latentt trait was split up into ten intervals with each a length of .6 standard 

deviationn of the distribution of 0, except for the lowest and the highest 

interval.. The lowest interval was set to range to minus infinity and the 

highestt interval to plus infinity. For each item, every interval was given a 

probabilityy to produce a discrete step function. In order to meet the as-

sumptionn of monotonicity, the higher the interval the higher the probability 

assignedd to it. To avoid the construction of items which were too difficult or 

tooo easy, for all items the probability of the lowest latent trait interval was 

givenn a value between 0 and .1, and the probability of the highest latent 

traitt interval was given a value between .9 and 1. 

Becausee of the many possibilities to construct a set of IRFs under the 
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MHH model it was convenient to use a selected number of shapes for the 

generall  trends of the IRFs. The following shapes were selected: concave 

upp (CU), concave down (CD), before the inflection point concave up and 

afterwardss concave down (CUCD), before the inflection point concave down 

andd afterwards concave up (CDCU), and straight (ST). Scatter plots of five 

IRFss with these different shapes are shown in Figure 3.1. 

P(6)) Item shape: concave up (CU) P(6) ) Itemm shape: concave down (CD) 

P(6)) Item shape: concave up and concave down (CUCD) P(6) Item shape: concave down and concave up (CDCU) 
ITT 1 I 

Figuree 3.1: Graphical representations of five discrete IRFs 
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Crossingg the five shapes with the two levels of difficulty and the two lev-

elss of discrimination yielded twenty different item types. In case of 20. 40. 

andd 60 items one. two and three of each item type, respectively, were con-

structedd and included in the set of IRFs. In all, 60 IRFs were constructed 

andd in the condition of 20 items the first 20 IRFs were selected, in the 

conditonn of 40 items the first 40 IRFs were selected, and in the condition 

off  60 items all IRFs were selected. 

Inn order to simulate DIF items, a functional relation between the in-

tervall  probabilities of the reference group and those of the focal group was 

specified.. For each DIF item the already selected interval probabilities were 

assignedd to the reference group and by using a specified function the prob-

abilitiess for the focal group were calculated. Because probabilities range 

fromm 0 to 1, it was computationally convenient, for the construction of uni-

formm DIF items, to use the relation between the reference and focal group 

probabil it iess which could be derived from the logarithm of the odds-ratio. 

Thee logarithm of the odds-ratio for item i and interval k for the focal and 

referencee group probabil ity is denoted by htk and is given by: 

hikhik = 1, j  ""'t 1 - f ' '  1 = In ( - * » - ) - In ) . (3.3) 
1(11 -Pik0)Pikl J \ 1 - P i f c 0/ \ 1 — PfJfcl/ 

wrheree p^o is the probabil ity of a positive score on item i for interval k in 

thee reference group, and p^-i is the probability of a positive score on item 

ii  for interval k in the focal group. Values of the reference group interval 

probabil i tyy p^o were fixed and the values of the logarithm of the odds-ratio 

forr all the intervals were set equal to a constant. So. h  ̂ was replaced by ht. 

Inn order to express the focal group probability as a function of the reference 

groupp probability, Pi^i was solved from Equation 3.3, which yielded: 

PikOPikO (o A\ 

PikQPikQ + (1 -Piko  en>) 

Byy using Equation 3.4, in each interval the probability for the focal group 

wass smaller than the corresponding probability for the reference group. The 

choicee of ht was determined by adjusting it to the desired effect size men-

tionedd in the design section. The area between the IRFs of both groups, 

correspondingg to the desired effect size, was calculated by adding the prod-

uctss of the group probability difference and the length of the interval of 
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.66 standard deviation over the intervals. A graphical representation of an 

itemm with uniform DIF is shown in Figure 3.2. 

P(6) ) 

referencee group 

focall  group 

Figuree 3.2: Graphical representation of uniform DIF 

Inn this study, also bidirectional nonuniform DIF was simulated. Bidi-

rectionall  nonuniform DIF exists when the IRFs of both groups intersect. 

Inn this case the logarithm of the odds-ratio was adjusted for the inclusion 

off  an intersection point. This was done by using two different values for 

thee logarithm of the odds-ratio, one for the relation of the IRFs before the 

intersectionn point and one for the relation after the intersection point. Be-

foree the intersection point a higher probability of a positive response was 

assignedd to the focal group and after the intersection point a higher prob-

abilityy was assigned to the reference group. This adjusted logarithm of the 

odds-ratioo for item i is given by: 

In n 
^ik ^ik 

Pikl(c-Piko)Pikl(c-Piko) 1 
(C-Pikl)pik0 (C-Pikl)pik0 

\\ (c-pI fci)(l-p Jfeo) J ' 

PikoPiko < c 

PikOPikO > c, 

(3.5) ) 

wheree c denotes the intersection point. The value of c was set equal to the 

meann value of the probabilities assigned to the fifth and the sixth interval. 

Thiss was done in order to construct nonuniform DIF items with an inter-

sectionn point right above the middle of the latent trait distribution. Again, 

replacingg hik by hi and solving for p^\ from both parts of Equation 3.5, 
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yielded: : 

c-PikQ-ec-PikQ-e ' 

Pikl Pikl 
-Piko+c+PikQ-e-Piko+c+PikQ-enni i PikOPikO < c 

CC + 
(l-c)(Ptfco-c) ) 

(3.6) ) 

( P i f c o - c ) + ( l - P i w ) - ^'' Plk0 > C' 

Justt as with uniform DIF. the choice of hi was determined by adjusting 

itt to the desired effect size mentioned in the design section. In the same 

mannerr as with uniform DIF the area between the IRFs of both groups was 

calculated,, with the only difference of using the absolute group probability 

differencee in each interval. A graphical representation of an item with 

nonuniformm DIF is shown in Figure 3.3. 

P(9) ) 

^ — p m « " " 

intersectionn point c 

Figuree 3.3: Graphical representation of nonuniform DIF 

Off  the 20% DIF items, half was assigned uniform DIF and half nonuni-

formm DIF. Of both the uniform DIF items and the nonuniform DIF items, 

halff  was assigned a small amount of DIF and half a large amount. This 

yieldedd four DIF combinations. In addition to the kind and the amount of 

DIF,, the items which were selected as DIF items also varied with respect 

too difficulty, discrimination and shape. 

Withh the aid of the constructed IRFs dichotomous item scores were 

generated.. Through these functions examinee ability was connected to 

thee probability of a positive score Pikg, where subscript g denotes group 

membershipp (g = 0,1). For each examinee ability value, drawn at random 

fromm one of the two ability distributions, the associated probability of a 
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positivee score p ĝ was compared to a random number between 0 and 1 from 

thee uniform distribution. An item score was coded as 0 (negative) when 

pikgpikg was smaller than the random number and as 1 (positive) when p ĝ 

wass greater than the random number. Next, total scores were calculated, 

whichh were used in the logistic regression procedure to test each item for 

uniformm and nonuniform DIF. 

3.3.33 R o b u s t n e ss 

Forr both the situation with 0% DIF items and the situation with 20% DIF 

items,, the non-item factors - (1) Total Sample Size (TSS; 10 levels), (2) 

Samplee Size Ratio between groups (SSR; 2 levels), (3) Test Length (TL; 3 

levels)) and (4) Abilit y Distribution Differences (ADD; 2 levels) - produced 

1200 conditons. To be able to calculate mean Type 1 error rates across the 

itemm factors in case of 0% DIF items, 100 replications were carried out for 

eachh condition (design cell), producing 2000, 4000 and 6000 observations 

perr condition for a test length of 20, 40 and 60 items, respectively. In 

casee of 20% DIF items 200 replications were carried out for each condition, 

producingg 3200, 6400 and 9600 observations per condition for a test length 

off  20, 40 and 60 items, respectively. 

Forr each non-DIF item and for testing both uniform and nonuniform 

DIF,, the number of times the null hypothesis of no DIF was rejected was 

recorded.. The actual levels of significance (aact) for the 120 conditions 

weree estimated by the mean Type 1 error rates across the items. For each 

conditionn and for testing both types of DIF, the mean Type 1 error rate was 

calculatedd by the total number of rejections for all non-DIF items divided 

byy the number of observations. 

Forr determining the robustness of a statistical test, Bradley (1978) 

proposedd a stringent and a liberal criterion. A test fulfil s his stringent 

criterionn when \aact — anom\ < 0.1o:nom and his liberal criterion when 

WadWad — otnorn\ < 0.5o;noTn. It was investigated whether the tests for uni-

formm and nonuniform DIF of the logistic regression procedure fulfilled his 

robustnesss criteria in each of the 120 conditions. 
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3.3.44 Power 

Forr each DIF item and for testing both uniform and nonuniform DIF, the 

numberr of times the null hypothesis of no DIF was rejected was recorded. 

Thee power in each condition and for both types of DIF was estimated by 

thee mean detection rate across the items, calculated by the total number 

off  rejections for all DIF items divided by the product of the number of DIF 

itemss and the number of replications, within each condition. 

Logitt models were fitted to determine the effects of the four non-item 

factorss on the mean detection rate. The outcome factor consisted of the 

numberr of null hypotheses rejected versus the number of null hypotheses 

acceptedd and the predictors were the four non-item factors manipulated in 

thee study The effects of the four item factors (5) DIF Effect Size (DES: 

22 levels), (6) Item Difficult y (IDF; 2 levels), (7) Item Discrimination (IDS; 

22 levels) and, (8) shape of the IRF (5 levels) - on the mean detection rate 

acrosss the non-item factors could not be investigated by means of logit 

analyses,, because the design was too large and too complex to select each 

itemm type for the simulation of DIF. and this yielded contingency tables 

withh structural zeros. 

3.44 Results 

Inn this section, the results of the simulation study are described. Before 

calculatingg all mean Type 1 error rates and mean detection rates for each 

itemm and in every condition, it was checked whether the logistic regression 

modell  fitted the simulated data. For none of the items this was the case. It 

indicatedd that the constructed nonparametric IRFs significantly deviated 

fromm the parametric logistic function used in the logistic regression model. 

3.4.11 Robustness 

Inn the tables of this section the mean Type 1 error rates, that do not fulfi l 

Bradley'ss (1978) stringent criterion for robustness, are indicated by one 

asteriskk and the mean Type 1 error rates, that also do not fulfi l his liberal 

criterion,, are indicated by two asterisks. 
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Tablee 3.1 gives for both uniform and nonuniform DIF the mean Type 1 

errorr rates across the items for the 120 conditions in case of 0% DIF items. 

Theirr marginal mean Type 1 error rates across the items for the levels of 

thee non-item factors are given in Table 3.2. 

Tablee 3.1: Mean Type 1 error rates in the 0% DIF conditions 

{Ctnom{Ctnom = -05) 

TSSS TL 
1500 20 

40 0 
60 0 

3000 20 
40 0 
60 0 

4500 20 
40 0 
60 0 

6000 20 
40 0 
60 0 

7500 20 
40 0 
60 0 

9000 20 
40 0 
60 0 

10500 20 
40 0 
60 0 

12000 20 
40 0 
60 0 

13500 20 
40 0 
60 0 

15000 20 
40 0 
60 0 

equall  sample sizes 
equal l 

distributions s 

u-DIF F 

.048 8 

.0388 * 

.0399 * 

.0444 * 

.0377 * 

.0399 * 

.0422 * 

.0411 * 

.0422 * 

.0411 * 

.0433 * 

.047 7 

.0422 * 

.0399 * 

.0444 * 

.0433 * 

.0411 * 

.0433 * 

.0400 * 

.0411 * 

.0399 * 

.046 6 

.045 5 

.0444 * 

.0433 * 

.0422 * 

.046 6 

.049 9 

.050 0 

.0433 * 

n-DIF F 
.0266 * 
.0366 * 
.0344 * 

.0411 * 

.0588 * 

.0555 ** 

.053 3 

.0588 * 

.0622 * 

.0600 * 

.0566 * 

.0633 * 

.0577 * 

.0677 * 

.0666 * 

.0599 * 

.0600 * 

.0633 * 

.0577 * 

.0677 * 

.0655 * 

.0588 * 

.0644 * 

.0611 * 

.055 5 

.0633 * 

.0699 * 

.0633 * 

.0699 * 

.0655 * 

unequal l 
distributions s 

u-DIF F 

.046 6 

.0444 * 

.0444 * 

.0600 * 

.045 5 

.0466 ** 

.0655 * 

.049 9 

.046 6 

.0822 ** 

.049 9 

.051 1 

.0877 ** 

.051 1 

.0433 * 

.1099 ** 

.052 2 

.0422 * 

.1022 ** 

.0622 * 

.048 8 

.1211 ** 

.0588 * 

.0422 * 

.1188 ** 

.054 4 

.0444 * 

.1199 ** 

.0644 * 

.0433 * 

n-DIF F 

.0666 * 

.0777 ** 

.0799 ** 

.1088 ** 

.1388 ** 

.1300 ** 

.1433 ** 

.1799 ** 

.1799 ** 

.1600 ** 

.2066 ** 

.2144 ** 

.1711 ** 

.2366 ** 

.2400 ** 

.2111 ** 

.2599 ** 

.2666 ** 

.2277 ** 

.2800 ** 

.2944 ** 

.2466 ** 

.3100 ** 

.3188 ** 

.2500 ** 

.3144 ** 

.3322 ** 

.2755 ** 

.3311 ** 

.3433 ** 

unequall  sample sizes 
equal l 

distributions s 

u-DIF F 
.0411 * 
.0433 * 
.0377 * 

.0433 * 

.0422 * 

.0433 * 

.0399 * 

.045 5 

.048 8 

.048 8 

.0444 * 

.0422 * 

.0411 * 

.048 8 

.0411 * 

.046 6 

.045 5 

.047 7 

.053 3 

.046 6 

.0388 * 

.0388 * 

.0444 * 

.0388 * 

.050 0 

.0399 * 

.0433 * 

.048 8 

.046 6 

.0433 * 

n-DIF F 

.0400 * 

.0377 * 

.0388 * 

.0422 * 

.050 0 

.051 1 

.0411 * 

.050 0 

.0588 * 

.051 1 

.0588 * 

.0611 * 

.0588 * 

.0611 * 

.0677 * 

.0577 * 

.0677 * 

.0677 * 

.055 5 

.0622 * 

.0622 * 

.0611 * 

.0688 * 

.0655 * 

.0600 * 

.0688 * 

.0666 * 

.054 4 

.0699 * 

.0688 * 

unequal l 
distributions s 

u-DIF F 

.046 6 

.0411 * 

.0344 * 

.055 5 

.0388 * 

.0411 * 

.055 5 

.049 9 

.0411 * 

.0666 * 

.050 0 

.0433 * 

.0911 ** 

.050 0 

.046 6 

.0888 ** 

.051 1 

.049 9 

.0988 ** 

.052 2 

.047 7 

.0999 ** 

.053 3 

.0411 * 

.1044 ** 

.052 2 

.0399 * 

.1244 ** 

.0611 * 

.0433 * 

n-DIF F 

.0433 * 

.0699 * 

.0644 * 

.0899 ** 

.1255 ** 

.1177 ** 

.1300 ** 

.1544 ** 

.1599 ** 

.1533 ** 

.1855 ** 

.1944 ** 

.1644 ** 

.2111 ** 

.2166 ** 

.1911 ** 

.2444 ** 

.2433 ** 

.2166 ** 

.2655 ** 

.2666 ** 

.2188 ** 

.2833 ** 

.2900 ** 

.2377 ** 

.3099 ** 

.3100 ** 

.2622 ** 

.3044 ** 

.3355 ** 
Note.. *: Type 1 error rate only meets the liberal criterion. 

** :: Type 1 error rate does not meet any of the two criteria. 
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Tablee 3.2: Marginal mean Type 1 error rates for non-item factors; 0% DIF 
conditions s 

{a{annomom = -05) 

Totall  Sample Size 

Samplee Size Ratio 

Testt Length 

Abilit yy Distributions 

150 0 
300 0 
450 0 
600 0 
750 0 
900 0 

1050 0 
1200 0 
1350 0 
1500 0 

1 1 
2 2 

20 0 
40 0 
60 0 

equal l 
unequal l 

u-DIF F 

.0400 * 

.0433 * 

.046 6 

.048 8 

.048 8 

.050 0 

.050 0 

.050 0 

.050 0 

.054 4 

.049 9 

.047 7 

.0655 * 

.047 7 

.0433 * 

.0433 * 

.053 3 

n-DIF F 

.0522 ** 

.0877 ** 

.1099 ** 

.1266 ** 

.1400 ** 

.1544 ** 

.1655 ** 

.1766 ** 

.1855 ** 

.1933 ** 

.1444 ** 

.1344 ** 

.1155 ** 

.1422 ** 

.1455 ** 

.0599 * 

.2199 ** 
Note.. *: Type 1 error rate only meets the liberal criterion. 

** :: Type 1 error rate does not meet any of the two criteria. 

Thee results in Tables 3.1 and 3.2 show that in case of no DIF items and 

inn the conditions with equal ability distributions, the mean Type 1 error 

ratess fulfi l the liberal criterion for robustness (tests on regression coefficients 

inn Equation 3.2). The mean Type 1 error rates also meet this criterion for 

aa 40 and 60 item test in the conditions with unequal ability distributions 

andd in testing for uniform DIF (regression coefficient r^ ). However, in the 

situationn of nonuniform DIF (regression coefficient 7̂ 3) and unequal ability 

distributions,, the mean Type 1 error rates are strongly inflated. 

Inn Tables 3.3 and 3.4 the mean Type 1 error rates in case of 0% DIF 

itemss are presented for the different item types and for the levels of the 

itemm factors, respectively. 
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Tablee 3.3: Mean Type 1 error rates for the item types; 0% DIF conditions 
{ct{ctnornnorn = .05) 

shapee of 

thee IRF 

CU U 

CD D 

CUCD D 

CDCU U 

ST T 

uniform m 

strongly y 

discriminating g 

difficul t t 

.0399 * 

.0411 * 

.0300 * 

.0566 * 

.0377 * 

easy y 

.0400 * 

.0200 ** 

.0666 * 

.049 9 

.0700 * 

weakly y 

discriminating g 

difficul t t 

.048 8 

.0388 * 

.049 9 

.0622 * 

.050 0 

easy y 

.053 3 

.046 6 

.046 6 

.0666 * 

.054 4 

nonuniform m 

strongly y 

discriminating g 

difficul t t 

.1499 ** 

.2555 ** 

.2600 ** 

.1022 ** 

.1877 ** 

easy y 

.3077 ** 

.3622 ** 

.1111 ** 

.0877 ** 

.1166 ** 

weakly y 

discriminating g 

difficul t t 

.0688 * 

.2466 ** 

.0577 * 

.0944 ** 

.0633 * 

easy y 

.0611 * 

.0711 * 

.0700 * 

.0699 * 

.0444 * 

Note.. *: Type 1 error rate only meets the liberal criterion. 

** :: Type 1 error rate does not meet any of the two criteria. 

Thee results in Table 3.3 show that especially when testing for nonuni-

formm DIF in case the items are strongly discriminating, the mean Type 1 

errorr rates do not meet the criteria for robustness. 

Tablee 3.4: Marginal mean Type 1 error rates for the item factors; 0% DIF 

conditions s 

{Ctnom{Ctnom = -05) 

Itemm Difficult y 

Itemm Discrimination 

IRFF Type 

easy y 

difficul t t 

stronglyy discriminating 

weaklyy discriminating 

CU U 

CD D 

CUCD D 

CDCU U 

ST T 

u-DIF F 

.051 1 

.045 5 

.045 5 

.051 1 

.045 5 

.0366 * 

.048 8 

.0588 * 

.053 3 

n-DIF F 

.130** * 

.1488 ** 

.1944 ** 

.0844 ** 

.1466 ** 

.2333 ** 

.1244 ** 

.0888 ** 

.1022 ** 

Note.. *: Type 1 error rate only meets the l iberal cri terion. 

** :: Type 1 error rate does not meet any of the two criteria. 

Thee marginal results for the levels of the item factors in Table 3.4 again 

showw that the mean Type 1 error rates in testing for nonuniform DIF are 

inflated. . 
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Inn Table 3.5 for testing both uniform and nonuniform DIF. the mean 

Typee 1 error rates across the items for the 120 conditions in case of 20% 

DIFF items are presented, and their marginal mean Type 1 error rates for 

Tablee 3.5: Mean Type 1 error rates in the 20% DIF conditions 

(Onomm = .05) 

TSSS TL 

1500 20 
40 0 
60 0 

3000 20 
40 0 
60 0 

4500 20 
40 0 
60 0 

6000 20 
40 0 
60 0 

7500 20 
40 0 
60 0 

9000 20 
40 0 
60 0 

10500 20 
40 0 
60 0 

12000 20 
40 0 
60 0 

13500 20 
40 0 
60 0 

15000 20 
40 0 
60 0 

equall  sample sizes 

equal l 
distributions s 

testingg for 

u-DIF F 

.053 3 

.051 1 

.053 3 

.0699 * 

.0733 * 

.0699 * 

.0844 ** 

.0788 ** 

.0799 ** 

.0911 ** 

.1000 ** 

.0977 ** 

.1099 ** 

.1122 ** 

.1111 ** 

.1244 ** 

.1222 ** 

.1244 ** 

.1255 ** 

.1300 ** 

.1333 ** 

.1433 ** 

.1444 ** 

.1433 ** 

.1622 ** 

.1566 ** 

.1533 ** 

.1677 ** 

.1688 ** 

.1711 ** 

n-DIF F 

.0300 * 

.0355 * 

.0388 * 

.053 3 

.0577 * 

.0588 * 

.0599 * 

.0700 * 

.0699 * 

.0622 * 

.0700 * 

.0733 * 

.0988 ** 

.0811 ** 

.0777 ** 

.0700 * 

.0766 ** 

.0800 ** 

.0722 * 

.0888 ** 

.0844 ** 

.0833 ** 

.0877 ** 

.0944 ** 

.0822 ** 

.0877 ** 

.0922 ** 

.0900 ** 

.0933 ** 

.0899 ** 

unequal l 
distributions s 

testingg for 

u-DIF F 

.0566 * 

.047 7 

.0433 * 

.0677 * 

.054 4 

.050 0 

.0788 ** 

.0577 * 

.053 3 

.0933 ** 

.0677 * 

.0588 * 

.0966 ** 

.0655 * 

.0599 * 

.1066 ** 

.070* * 

.0566 * 

.1199 ** 

.0788 ** 

.0611 * 

.1255 ** 

.0811 ** 

.0677 * 

.1300 ** 

.0855 ** 

.0722 * 

.1299 ** 

.0833 ** 

.0711 * 

n-DIF F 

.0633 * 

.0855 ** 

.0799 ** 

.1222 ** 

.1444 ** 

.1422 ** 

.1466 ** 

.1788 ** 

.1944 ** 

.1766 ** 

.2155 ** 

.2233 ** 

.2033 ** 

.2444 ** 

.2577 ** 

.2300 ** 

.2633 ** 

.2844 ** 

.2522 ** 

.3011 ** 

.3166 ** 

.2644 ** 

.3099 ** 

.3388 ** 
2922 ** 
.3333 ** 
.3533 ** 

.2999 ** 

.3477 ** 

.3811 ** 

unequall  sample sizes 

equal l 
distributions s 
testingg for 

u-DIF F 

.052 2 

.053 3 

.046 6 

.0655 * 

.0622 * 

.0633 * 

.0744 * 

.0800 ** 

.0788 ** 

.0833 ** 

.0977 ** 

.0900 ** 

.1033 ** 

.1011 ** 

.1044 ** 

.1199 ** 

.1100 ** 

.1133 ** 

.1255 ** 

.1200 ** 
11 21 * * 

.1277 ** 

.1399 ** 

.1400 ** 

.1433 ** 

.1466 ** 

.1411 ** 

.1611 ** 

.1511 ** 

.1488 ** 

n-DIF F 

.0300 * 

.0333 * 

.0355 * 

.0399 * 

.0566 * 

.055 5 

.0599 * 

.0600 * 

.0599 * 

.0611 * 

.0655 * 

.0677 * 

.0600 * 

.0699 * 

.0699 * 

.0700 * 

.0711 * 

.0777 ** 

.0666 * 

.0788 ** 

.0800 ** 

.0777 ** 

.0822 ** 

.0788 ** 

.0733 * 

.0844 ** 

.0877 ** 

.0844 ** 

.0844 ** 

.0900 ** 

unequal l 
distributions s 

testingg for 

u-DIF F 

.048 8 

.046 6 

.0433 * 

.0577 * 

.052 2 

.048 8 

.0799 ** 

.0588 * 

.054 4 

.0777 ** 

.0600 * 

.0566 * 

.0966 ** 

.0711 * 

.055 5 

.1033 ** 

.0799 ** 

.054 4 

.0977 ** 

.0699 * 

.0666 * 

.1111 ** 

.0777 ** 

.0655 * 

.1199 ** 

.0822 ** 

.0633 * 

.1255 ** 

.0811 ** 

.0644 * 

n-DIF F 

.048 8 

.0633 * 

.0633 * 

.0955 ** 

.1155 ** 

.1244 ** 

.1288 ** 

.1588 ** 

.1611 ** 

.1500 ** 

.1922 ** 

.2077 ** 

.1822 ** 

.2233 ** 

.2444 ** 

.2088 ** 

.2500 ** 

.2599 ** 

.2266 ** 

.2722 ** 

.2922 ** 

.2400 ** 

.2833 ** 

.3177 ** 

.2644 ** 

.3011 ** 

.3399 ** 

.2899 ** 

.3299 ** 
Q C 11 * * 

Note.. *: Type 1 error rate only meets the liberal criterion. 
** :: Type 1 error rate does not meet any of the two criteria. 

thee levels of the non-item factors are given in Table 3.6. 

Tabless 3.5 and 3.6 show that the mean Type 1 error rate is affected 

byy the total sample size, test length, ability distribution differences and 

samplee size differences between groups. Overall, the mean Type 1 error rate 

increasess with the total number of examinees. In detecting nonuniform DIF, 
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Tablee 3.6: Marginal mean Type 1 error rates for non-item factores; 20% 
DIFF conditions 

(a(anomnom = -05) 

Totall  Sample Size 150 
300 0 
450 0 
600 0 
750 0 
900 0 

1050 0 
1200 0 
1350 0 
1500 0 

Samplee Size Ratio 1 
2 2 

Testt Length 20 
40 0 
60 0 

Abilit yy Distributions equal 
unequal l 

u-DIF F 

.048 8 

.060* * 

.069* * 

.0799 ** 

.0877 ** 

.0944 ** 

.1000 ** 

.1100 ** 

.1166 ** 

.1211 ** 

.0911 ** 

.0866 ** 

.1022 ** 

.0899 ** 

.0833 ** 

.1099 ** 

.0688 ** 

n-DIF F 

.052 2 

.0911 ** 

.1155 ** 

.1355 ** 

.1544 ** 

.1677 ** 

.1844 ** 

.1955 ** 

.2066 ** 

.2177 ** 

.1588 ** 

.1455 ** 

.1299 ** 

.1511 ** 

.1599 ** 

.0711 * 

.2322 ** 
Note.. *: Type 1 error rate only meets the liberal criterion. 

** :: Type 1 error rate does not meet any of the two criteria. 

thee mean Type 1 error rate for unequal ability distributions also increases 

withh test length, but in detecting uniform DIF, it decreases with test length. 

Overall,, there are no such effects when the ability distributions are equal. 

Inn the situation of unequal ability distributions, the mean Type 1 error 

ratess are higher in testing for nonuniform DIF than in testing for uniform 

DIFF and for equal ability distributions the opposite holds. In case of equal 

samplee sizes, the mean Type 1 error rates are higher than in case of unequal 

samplee sizes. For approximately one third of the 120 conditions the mean 

Typee 1 error rate fulfil s Bradley's liberal criterion. Approximately one sixth 

off  the mean Type 1 error rates fulfi l the stringent criterion. 

Inn Table 3.7 for testing both uniform and nonuniform DIF, the mean 

Typee 1 error rates for the different levels of the 20 item types are given. 

Thee marginals of these rates are the mean Type 1 error rates for the levels 

off  the three item factors - (6) item difficulty, (7) item discrimination and, 

(8)) shape of the IRF - and these rates are presented in Table 3.8. The mean 

Typee 1 error rates in both tables are calculated across the 120 conditions 
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Tablee 3.7: Mean Type 1 error rates for the item types; 20% DIF conditions 

{Otnorn{Otnorn = -05) 

shapee of 

thee IRF 

CU U 
CD D 
CUCD D 
CDCU U 
ST T 

uniform m 

strongly y 
discriminating g 

difficul t t 

.0700 * 

.1766 ** 

.1300 ** 

.0933 ** 

.1611 ** 

easy y 

.0633 * 

.0266 * 

.1055 ** 

.0688 * 

.1100 ** 

weakly y 
discriminating g 

difficul t t 

.0855 ** 

.0622 * 

.0822 ** 

.0744 * 

.0799 ** 

easy y 

.0900 ** 

.0599 * 

.0733 * 

.0766 ** 

.0844 ** 

nonuniform m 

strongly y 
discriminating g 

difficul t t 

.1311 ** 

.2299 ** 

.2277 ** 

.1355 ** 

.1755 ** 

easy y 

weakly y 
discriminating g 

difficul t t 

.3422 **  .061 * 

.3800 **  .304 ** 

.1499 **  .071 * 

.0600 * .127 ** 

.0900 **  .098 ** 

easy y 

.0588 * 

.1122 ** 

.1166 ** 

.1011 ** 

.0622 * 
Note.. *: Type 1 error rate only meets the liberal criterion. 

** :: Type 1 error rate does not meet any of the two criteria. 

Tablee 3.8: Marginal mean Type 1 error rates for the item factors: 20% DIF 
conditions s 

(Ofiomm = -05) 

Itemm Difficult y easy 
difficult t 

Itemm Discrimination strongly discriminating 
weaklyy discriminating 

IRFF Type CU 
CD D 
CU-CD D 
CD-CU U 
ST T 

u-DIF F 

.0755 * 

.1011 ** 

.1000 ** 

.0766 ** 

.0777 ** 

.0811 ** 

.0988 ** 

.0788 ** 

.1099 ** 

n-DIF F 

.1477 ** 

.1566 ** 

.1922 ** 

.1111 ** 

.1488 ** 

.2566 ** 

.1411 ** 

.1066 ** 

.1066 ** 
Note.. * : Type 1 error rate only meets the l iberal criterion. 

** :: Type 1 error rate does not meet any of the two criteria. 

off  the non-item factors. 

Thee results in Tables 3.7 and 3.8 show that for detecting uniform DIF 

thee mean Type 1 error rate is lower than for detecting nonuniform DIF. In 

generall  the mean Type 1 error rate for detecting both types of DIF increases 

withh an increase of item difficulty and an increase of item discrimination. 

Onlyy 13 of the in total 20 mean Type 1 error rates in Table 3.7 for different 

itemm types met the liberal criterion for robustness and none of these rates 

alsoo met the stringent criterion. 

3.4.22 Power 

Tablee 3.9 gives for both uniform and nonuniform DIF the mean detection 

ratess across the item factors for the 120 conditions. The marginals of these 
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ratess are the mean detection rates for the levels of the non-item factors - (1) 

totall  sample size, (2) sample size differences between groups, (3) test length 

andd (4) ability distribution differences and these rates are presented in 

Tablee 3.10. 

Tablee 3.9: Mean detection rates in the 20% DIF conditions 

[dnorn[dnorn = 05) 

TSSS TL 
1500 20 

40 0 
60 0 

3000 20 
40 0 
60 0 

4500 20 
40 0 
60 0 

6000 20 
40 0 
60 0 

7500 20 
40 0 
60 0 

9000 20 
40 0 
60 0 

10500 20 
40 0 
60 0 

12000 20 
40 0 
60 0 

13500 20 
40 0 
60 0 

15000 20 
40 0 
60 0 

equall  sample sizes 

equal l 
distributions s 

testingg for 

u-DIF F 

.493 3 

.488 8 

.498 8 

.665 5 

.674 4 

.648 8 

.700 0 

.695 5 

.704 4 

.755 5 

.763 3 

.727 7 

.770 0 

.754 4 

.727 7 

.798 8 

.740 0 

.758 8 

.828 8 

.745 5 

.739 9 

.783 3 

.761 1 

.730 0 

.788 8 

.713 3 

.752 2 

.818 8 

.705 5 

.712 2 

n-DIF F 

.165 5 

.171 1 

.203 3 

.270 0 

.365 5 

.368 8 

.405 5 

.463 3 

.494 4 

.508 8 

.668 8 

.538 8 

.555 5 

.606 6 

.618 8 

.600 0 

.629 9 

.668 8 

.673 3 

.689 9 

.719 9 

.675 5 

.715 5 

.733 3 

.675 5 

.761 1 

.756 6 

.700 0 

.770 0 

.777 7 

unequal l 
distributions s 

testingg for 

u-DIF F 

.378 8 

.411 1 

.383 3 

.588 8 

.574 4 

.564 4 

.638 8 

.691 1 

.683 3 

.735 5 

.745 5 

.708 8 

.740 0 

.766 6 

.743 3 

.783 3 

.776 6 

.765 5 

.783 3 

.820 0 

.781 1 

.790 0 

.838 8 

.768 8 

.790 0 

.794 4 

.778 8 

.818 8 

.806 6 

.793 3 

n-DIF F 
.180 0 
.214 4 
.209 9 
.313 3 
.350 0 
.330 0 
.408 8 
.456 6 
.422 2 
.463 3 
.511 1 
.487 7 
.523 3 
.550 0 
.542 2 
.530 0 
.596 6 
.577 7 
.575 5 
.626 6 
.626 6 
.590 0 
.673 3 
.625 5 
.628 8 
.711 1 
.640 0 

.658 8 

.703 3 

.660 0 

unequall  sample sizes 

equal l 
distributions s 

testingg for 

u-DIF F 
.418 8 
.479 9 
.431 1 
.603 3 
.629 9 
.608 8 
.725 5 
.686 6 
.685 5 
.763 3 
.750 0 
.707 7 
.768 8 
.751 1 
.715 5 
.788 8 
.744 4 
.748 8 
.798 8 
.765 5 
.743 3 
.803 3 
.755 5 
.758 8 
.788 8 
.763 3 
.734 4 

.793 3 

.736 6 

.727 7 

n-DIF F 
.215 5 
.178 8 
.182 2 
.325 5 
.359 9 
.343 3 
.445 5 
.440 0 
.448 8 
.475 5 
.521 1 
.518 8 
.543 3 
.569 9 
.571 1 
.578 8 
.608 8 
.612 2 
.633 3 
.673 3 
.676 6 
.620 0 
.694 4 
.718 8 
.675 5 
.706 6 
.724 4 

.695 5 

.735 5 

.753 3 

unequal l 
distributions s 

testingg for 

u-DIF F 

.310 0 

.366 6 

.353 3 

.538 8 

.538 8 

.518 8 

.608 8 

.636 6 

.627 7 

.640 0 

.708 8 

.658 8 

.715 5 

.746 6 

.720 0 

.743 3 

.753 3 

.728 8 

.790 0 

.751 1 

.765 5 

.793 3 

.788 8 

.770 0 

.830 0 

.810 0 

.789 9 

.818 8 

.818 8 

.758 8 

n-DIF F 

.113 3 

.211 1 

.174 4 

.260 0 

.318 8 

.299 9 

.355 5 

.429 9 

.402 2 

.400 0 

.475 5 

.432 2 

.455 5 

.551 1 

.505 5 

.530 0 

.581 1 

.538 8 

.555 5 

.623 3 

.578 8 

.563 3 

.621 1 

.608 8 

.598 8 

.660 0 

.625 5 

.640 0 

.689 9 

.649 9 
Note.. Detection rates in bold face belong to robust testing situations ac-

cordingg to the liberal robustness criterion. 
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Tablee 3.10: Marginal mean detection rates for the non-item factors; 20% 
DIFF conditions 

(«nomm = -05) 

Totall  Sample Size 150 
300 0 
450 0 
600 0 
750 0 
900 0 

1050 0 
1200 0 
1350 0 
1500 0 

Samplee Size Ratio 1 
2 2 

Testt Length 20 
40 0 
60 0 

Abilit yy Distributions equal 
unequal l 

u-DIF F 

.420 0 

.593 3 

.674 4 
.718 8 
.739 9 
.756 6 
.769 9 
.772 2 
.771 1 
.764 4 

.707 7 

.788 8 

.712 2 

.706 6 

.688 8 

.703 3 

.692 2 

n-DIF F 

.189 9 
.332 2 
.437 7 
.497 7 
.556 6 
.594 4 
.644 4 
.663 3 
.687 7 
.708 8 

.544 4 

.517 7 

.494 4 

.544 4 

.534 4 

.559 9 
.502 2 

Note.. Detection rates in bold face belong to robust testing situations 
accordingg to the liberal robustness criterion. 

Thee results in Tables 3.9 and 3.10 show that in detecting both uniform 

andd nonuniform DIF, the mean detection rate increases with total sample 

sizee and that it decreases with group ability distribution difference and 

globallyy with test length. In testing for uniform DIF the mean detection 

ratee increases with group sample size differences and in testing for nonuni-

formm DIF it decreases with group sample size differences. Furthermore, 

Tablee 3.9 shows that none of the mean detection rates meets the criterion 

off  .80 for good power in case of robust testing (Cohen. 1988). However, in 

testingg for uniform DIF and in case of equal ability distributions, most of 

thee mean detection rates fulfi l the criterion for sufficient power of .70 when 

thee total sample size is at least 600. 

Thee first logit model for the frequency data of rejected and accepted 

nulll  hypotheses for both uniform and nonuniform DIF that was tested, was 

thee model with main effects of the four non-item factors. In case this initial 

modell  did not fit, higher interaction terms were included in the model. 
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Byy excluding successively a term for one of the main effects in the initial 

modell  and determining the difference of fit between the resulting model and 

thee initial model, the main effects of the non-item factors were determined. 

Thee results of these analyses are presented in Table 3.11. 

Tablee 3.11: Results of the logit model analyses 

Modell  with main effects 

Mainn effects 
Abilit yy Distributions 
Samplee Size Ratio 
Testt Length 
Totall  Sample Size 

Two-variablee interactions 
ADDD x SSR 
ADDD x TL 
ADDD x TSS 
SSRR x TL 
SSRR x TSS 
TLL x TSS 

Modell  with main effects 
andd significant two-
variablee interactions 

testingg for 

G2 2 

477.38 8 

AG 2 2 

14.911 * 
41.588 * 
50.200 * 

4901.288 * 

AG2 2 

11.399 * 
25.411 * 

291.533 * 
0.94 4 

32.622 * 
52.966 * 

G2 2 

64.91 1 

u-DIF F 

df f 
106 6 

Adf f 
1 1 
1 1 
2 2 
9 9 

Adf f 
1 1 
2 2 
9 9 
2 2 
9 9 
18 8 

df f 
67 7 

Crr C-S 5% 
3.84 4 
3.84 4 
5.99 9 

16.92 2 

Crr C-S 5% 
3.84 4 
5.99 9 

16.92 2 
5.99 9 

16.92 2 
28.87 7 

PP = 0.549 9 

testingg for 

G2 2 

187.42 2 

AG 2 2 

357.688 * 
82.322 * 

124.577 * 
10364.922 * 

AG 2 2 

0.36 6 
36.277 * 
74.000 * 
2.25 5 
2.97 7 
8.49 9 

G2 2 

113.04 4 

n-DIF F 

df f 
106 6 

Adf f 
1 1 
1 1 
2 2 
9 9 

Adf f 
1 1 
2 2 
9 9 
2 2 
9 9 
18 8 

df f 
97 7 

Crr C-S 5% 
3.84 4 
3.84 4 
5.99 9 

16.92 2 

Crr C-S 5% 
3.84 4 
5.99 9 

16.92 2 
5.99 9 

16.92 2 
28.87 7 

pp = 0.127 

Tablee 3.11 (upper half) shows that the main effects of the non-item 

factorss are all significant (Cr C-S 5% gives critical chi-square value for 5% 

nominall  significance level) for testing both uniform and nonuniform DIF. 

However,, in both cases the initial model with only main effects of the non-

itemm factors did not fit the data (first line of Table 3.11). Therefore, it was 

investigatedd which of the two-way interactions had to be included. The 

resultss in Table 3.11 show that all two-way interactions were significant in 

testingg for uniform DIF, except for the two-way interaction between sam-

plee size differences between groups and test length. The inclusion of these 

significantt two-way interactions yielded a model that fitted the data (last 

linee of Table 3.11). In case of testing for nonuniform DIF, only the two-way 

interactionss between ability distribution differences and test length and be-

tweenn ability distribution differences and total sample size were significant. 

Again,, the inclusion of these two significant interactions yielded a model 

thatt fitted the data. 
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Thee mean detection rates for the different item types could not be 

determinedd because the design was too large to select each item type for 

thee simulation of DIF. which was already mentioned in Subsection 3.3.4 of 

thee Methods section. Therefore, no results regarding the mean detection 

ratess of the different item types are presented. However, in Table 3.12 for 

bothh uniform and nonuniform DIF. the mean detection rates for the levels 

off  four item factors are given. For each factor level the detection rate has 

beenn calculated across the levels of the remaining item factors and across 

thee 120 conditions of the non-item factors. 

Tablee 3.12: Marginal mean detection rates for the item factors; 20% DIF 
conditions s 

(Ctnom(Ctnom = -05) 

Itemm Difficult y easy 
difficult t 

Itemm Discrimination strongly discriminating 
weaklyy discriminating 

IRFF Type CU 
CD D 
CUCD D 
CDCU U 
ST T 

DIFF Size small 
large e 

u-DIF F 

.718 8 
.677 7 

.633 3 

.762 2 

.623 3 

.693 3 

.670 0 

.867 7 

.634 4 

.602 2 

.793 3 

n-DIF F 

.535 5 

.526 6 

.552 2 

.509 9 

.476 6 

.530 0 

.717 7 

.184 4 

.745 5 

.333 3 

.728 8 
Note.. Detection rates in bold face belong to robust testing situations 

accordingg to the liberal robustness criterion. 

Forr determining the effects of the four item factors on the mean detec-

tionn rate for both uniform and nonuniform DIF, logit models were fitted to 

thee corresponding contingency tables. The inclusion of all the item factors 

inn the model yielded an incomplete design. Exclusion of the item factor 

DI FF effect size yielded a complete design with 48.000 observations in each 

off  the cells. The analyses with the exclusion of DIF effect size showed that 

alll  the main effects, two-way interactions and three-way interactions were 

significantt due to the enormous numbers of observations in each of the cells 

and,, therefore, the results of these analyses are not presented. Table 3.12 

showss that the mean detection rate for both uniform and nonuniform DIF 
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iss affected by item difficulty, item discrimination, shape of the IRF and 

DIFF effect size. These results show that in detecting both uniform and 

nonuniformm DIF the mean detection rate decreases with item difficulty and 

increases,, as could be expected, with DIF effect size. When testing for 

uniformm DIF, the mean detection rate also decreases with item discrimina-

tion,, but when testing for nonuniform it increases with item discrimination. 

Regardingg the shape of the IRFs, it is remarkable that DIF items which 

aree CDCU have the highest detection rate when testing for uniform DIF 

andd the lowest detection rate when testing for nonuniform DIF compared 

too DIF items with other shapes of the IRFs. 

3.55 Discussion 

Becausee parametric IRT models are more restrictive and may not fit the 

empiricall  data, the data generated under such models are not always real-

istic.. The nonparametric MH model is less restrictive than such parametric 

modelss and, therefore, the data generated under this nonparametric MH 

modell  are more in agreement with many empirical data sets. So, the robust-

nesss and the power results of this study give a more accurate description 

off  how the logistic regression procedure acts in detecting DIF in applied 

situations,, where parametric models do not fit the data. 

Thee simulation results showed that using the logistic regression proce-

duree in detecting uniform and nonuniform DIF. in case only the nonpara-

metricc MH model fits the data and in the situation of 20% DIF items, 

overalll  too often leads to rejection of the null hypothesis of no DIF. Es-

peciallyy when the total sample size is large, the mean Type 1 error rates 

aree too high. In detecting nonuniform DIF and in case of equal ability dis-

tributionss in both groups, the mean Type 1 error rates are in most of the 

conditionss within the nominal limits of robustness. However, in detecting 

nonuniformm DIF and in case of unequal ability distributions, the mean Type 

11 error rates are too high. The general inflation in mean Type 1 error rates 

supportss the findings of Narayanan and Swaminathan (1996). However, 

whenn simulating under the nonparametric MH model, the inflation of the 

meann Type 1 error rates is much stronger than under the three-parameter 
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logisticc model, which was used by Narayanan and Swaminathan. 

Onn the other hand, compared to the results of Narayanan and Swami-

nathan.. the results of this study show higher mean detection rates. These 

higherr mean detection rates can be attr ibuted to the same process that is 

responsiblee for the inflated mean Type 1 error rates. If the mean Type 1 

errorr rates increase, then the mean detection rates increase. This advantage 

iss rather small and anyhow, under most conditions and especially in robust 

test ingg situations, the mean detection rates do not fulfi l the criterion of .80 

forr good power. 

Inn this study the total score with the inclusion of DIF items was used 

too est imate the latent trait rank order. Nevertheless, even though the non-

parametr icc MH model differs from the logistic regression model, which did 

nott fit  the simulated data, it can be concluded that the logistic regression 

proceduree performs relatively well in detecting and identifying DIF under 

somee of the design conditions. However, in most situations the logistic re-

gressionn procedure is not robust and has insufficient power. Therefore, the 

proceduree is not recommended when only the nonparametric MH model 

fit ss the data. In the framework of nonparametric IRT, other DIF detec-

tionn methods and procedures have to be developed, which have better DIF 

detectionn properties. 



44 Matching and correction for 

continuityy in the Mantel-Haenszel 

DIFF detection procedure 

Abstract t 

AA simulation study was conducted to investigate the effect of the inclu-

sionn of the studied item in the matching variable and the effect of using 

thee correction for continuity on both the robustness and the power of the 

Mantel-Haenszell  (MH) DIF detection procedure. The mean latent abil-

ityy difference between reference and focal group, the ratio of the sample 

sizess of the two groups, the total sample size, the test length, and the 

percentagee of DIF items were manipulated in a completely crossed de-

sign.. Dichotomous data were simulated using a two-parameter logistic 

modell  to explore the use of the MH procedure under a less favorable 

conditionn than under the one-parameter logistic model. Four different 

variationss of the MH test statistic were compared on Type 1 error rates 

inn no-DIF conditions and in DIF conditions, and on detection rates in 

DIFF conditions in which the criterion for matching also contained several 

DIFF items. The four variations of the MH test statistic were obtained 

byy either using or not using the correction for continuity and by either 

usingg or not using the studied item in the matching variable. The ro-

bustnesss results showed that the correction for continuity should always 

bee used. The robustness and power results showed that the studied item 

shouldd be used in the matching variable for short (15 items) and medium 

(300 items) test length conditions and that the studied item should be 

excludedd from the matching variable for long (60 items) test length con-

ditions. . 
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4.11 Introduction 

Inn the field of psychological and educational measurement, one of the 

th reatss to test validity is Differential Item Functioning (DIF). DIF means 

thatt for at least one level of the psychological variable measured, the prob-

abilitiess of the possible item scores differ between two (or more) subpop-

ulationss of examinees. Within DIF studies the subpopulations of interest 

aree usually distinguished by different levels of demographic or biographic 

variables,, such as ethnicity, socio-economic background, sex and age. 

Onee of the more widely used methods for the detection of DIF in case of 

dichotomouss item scores (yes/no: correct/incorrect) is the Mantel-Haenszel 

(MH )) procedure (Mantel k. Haenszel. 1959: Holland &; Thayer. 1988). In 

thee MH procedure two groups of examinees, the "reference' (majority) and 

thee "focaP (minority) group, are compared with respect to their perfor-

mancee on an individual item, called the 'studied1 item, at different observed 

matchingg score levels. In the MH procedure the null hypothesis is tested 

whetherr the between-groups ratio of the odds of a positive item score is 

equall  to one at all matching score levels. I t has been shown (Birch. 1964) 

thatt the MH chi-square test is the uniformly most powerful test of this null 

hypothesiss against the alternative hypothesis of a constant ratio of the odds 

unequall  to one at all matching score levels. Since the definition of uniform 

DI FF is that the ratio of the odds of two groups is a constant at all levels of 

thee latent variable (Mellenbergh. 1982; Hanson. 1998), the MH procedure 

iss especially suited for the detection of uniform DIF. 

Typically,, in the MH procedure the total score on all items (number-

correctt score) is used as the matching variable. The total score is the 

unweightedd sum of all test item scores including the studied item. A jus-

tificationn for using the total score as matching variable can be found in 

thee results of theoretical studies of Holland and Thayer (1988) and Zwick 

(1990).. The results of these two studies follow logically from Item Re-

sponsee Theory (IRT) model assumptions and are based on the situation in 

whichh DIF is absent in the items included in the matching variable other 

thann the studied item. Holland and Thayer (1988) showed that under the 

Raschh (1960) model the MH null hypothesis of no DIF is satisfied when the 
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matchingg variable includes the studied item, the other items in the match-

ingg variable do not exhibit DIF, and the data are random samples from 

thee reference and the focal groups. Zwick (1990) analytically investigated 

thee MH procedure under a more general model than the Rasch model in a 

situationn in which the ability distributions for the two groups are stochas-

ticallyy ordered. First, she showed that when the studied item is included 

inn the matching variable, the MH population result will show DIF favoring 

thee higher group on some items and favoring the lower group on others. 

Second,, she showed that when the studied item is excluded from the match-

ingg variable, the population MH result will always show DIF favoring the 

higherr group. On the basis of these theoretical results it still remains diffi -

cultt to decide in practice how and when to use the MH procedure, because 

itt is often not known in advance whether or not the Rasch model holds, 

whetherr or not the ability distributions of the two groups are equal, and 

whetherr or not items in the matching variable other than the studied item 

aree functioning differentially. For these reasons simulation studies can give 

usefull  information about the MH test statistic in several possibly realistic 

andd complex DIF situations. 

Thee test statistic of the MH procedure is a natural extension of tra-

ditionall  DIF x2 procedures (Scheuneman, 1979; Marascuilo & Slaugther, 

1981).. In the MH test statistic, Yates's (1934) correction for continuity is 

usedd to improve the approximation of the discrete distribution by an asso-

ciatedd continuous \2 distribution. However, this correction for continuity 

mayy not necessarily be appropriate. On the one hand, for example, Conover 

(1974)) showed that using Yates's correction can result in overly conserva-

tivee chi-square tests. On the other hand, Mantel (1974) recommended using 

thee correction and argued that if the sample size is reasonably large the 

correctionn has littl e effect on the value of the chi-square test statistic. 

Withinn DIF research the effect of the inclusion of the studied item in 

thee matching variable has not been fully explored; the effect of applying the 

correctionn for continuity in the MH procedure has neither been thoroughly 

investigatedd in DIF studies. In the present simulation study, the effects of 

thee inclusion of the studied item in the matching variable and the appli-

cationn of the correction for continuity on the robustness and the power of 
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thee MH procedure were investigated under different conditions in which the 

Raschh model did not hold. The robustness was assessed by means of Type 1 

errorr rate calculations for no-DIF items in both no-DIF conditions and DIF 

conditions.. In the no-DIF conditions. DIF was absent in both the studied 

itemm and in the matching variable. In the DIF conditions, the matching 

variablee contained several DIF items. In addition to the robustness, also 

thee power of the MH test statistic was assessed in the DIF conditions. The 

powerr was assessed by detection rate calculations for simulated DIF items. 

Inn both the no-DIF and the DIF conditions, the MH test statistic, with and 

withoutt the correction for continuity was investigated with both the total 

scoree including the studied item, and the rest score without the studied 

itemm as matching variables. 

4.22 The Mantel-Haenszel procedure 

Thee sample data of the studied item for the MH procedure can be arranged 

intoo a series of s 2 x 2 contingency tables, where s is the total number of 

matchedd score groups. The reference group is denoted by R and the focal 

groupp by F. The usual notation for the sample frequencies on the studied 

itemm for the j t h matched score group is as follows. The number-correct and 

thee number-incorrect on the studied item are denoted by M\, and M0.., 

respectively.. The number of examinees in the reference sample and in the 

focall  sample are denoted by N  ̂ and Np,, respectively. The total number 

off  examinees in the j t h matched score group is denoted by Tj. So for the 

j t hh matched score group the sample frequency data of the studied item can 

bee displayed as in Table 4.1. 

Tablee 4.1: Frequency data for the j t h matched score group on the studied 

item m 

itemm score 

11 0 total 

R R 

F F 

AA3 3 

CC} } 

Bi Bi 

DJ DJ 

NR, NR, 

NNFJ FJ 

totall  Mi . M0. Tj 
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Givenn fixed marginals, the expected value of the cell frequency Aj under 

thee null hypothesis of independence between group membership and the 

scoree on the studied item conditional on the matching score, is 

andd its variance is 

Var[̂ ]]  = \ 2  ̂ \ } °'. (4.2) 

Thee Mantel-Haenszel chi-square statistic is based on the following chi-

squaree statistic without correction for continuity, 

CHISQQ = V ' y . (4.3) 
EjVar[A|] ] 

Applyingg Yates's correction for continuity yields the traditional Mantel-

Haenszell  chi-square statistic, 

MH-CHISQQ = V „  v ' 1
 J-. 4.4 

Bothh test statistics (Equations 4.3 and 4.4) are approximately chi-square 

distributedd with one degree of freedom. 

4.33 Method 

4.3.11 Factors manipulated 

Thee following two matching variables were used: (1) the total score includ-

ingg the studied item, and (2) the rest score without the studied item, that 

is,, the number-correct on the remaining items after exclusion of the studied 

item.. In addition to the choice of the matching variable and the use of the 

correctionn for continuity, the following factors that are shown to affect the 

Typee 1 error and the power of the MH test statistic (Uttaro h Millsap, 

1994;; Narayanan & Swaminathan, 1996) were manipulated: (1) mean la-

tentt ability difference between reference and focal group, (2) sample size 



744 Matching and correction for continuity in the MH-DIF detection procedure 

rat ioo of the reference and the focal group, (3) total sample size, (4) test 

length,, and (5) percentage of DIF items. 

(1)) Mean Latent Ability Difference (MLAD ) Two levels were assigned 

too the factor MLAD . At both levels latent ability values were drawn from 

normall  distributions with unit variance. At the first level, latent trait 

valuess of both subpopulations were drawn from the same standard normal 

distr ibution.. At the second level, for the reference group latent trait values 

weree drawn from the standard normal distribution, and for the focal group 

latentt trait values were drawn from a normal distribution with a mean of 

—— 1 and unit variance. 
(( NR\ 

(2)) Sample Size Ratio (SSR) = —— I. Two levels were assigned to the 

factorr SSR. At the first level, the SSR was equal to 1, which meant that 

thee sample sizes of the reference and the focal group were equal. At the 

secondd level, the SSR was equal to 2, which meant that the sample of the 

referencee group was twice as large as the sample of the focal group. 

(3)) Total Sample Size (TSS) (~ NR + Np). Three levels were assigned 

too the factor TSS: N = 300, 600,1200, which corresponded to a small, a 

mediumm and a large sample size, respectively. 

(4)) Test Length (TL) Three TLs were selected: n = 15, 30,60, which 

correspondedd to a short, a medium and a long test length, respectively. 

(5)) Percentage of DIF Items A distinction was made between (1) the no-

DI FF conditions, with 0% DIF items in the tests, and (2) the DIF conditions 

wit hh 20% DIF items in the tests. 

Thee MH tests for the null hypothesis of no DIF were performed at two 

nominall  levels of significance: a = .05 and a — .01. 

4.3.22 D a ta generat ion 

Forr the generation of dichotomous data, different Item Response Theory 

(IRT)) models can be used. Fundamental to IRT models for dichotomous 

itemm scores is the Item Response Function (IRF), which gives the prob-

abilityy of a positive item score as a function of a continuous latent trait. 

Inn order to generate dichotomous item scores for which the Rasch model 

didd not hold, the unidimensional two-parameter logistic model (Birnbaum, 
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1968)) was used. Under the two-parameter logistic model the IRF of item i 

iss given by 
DDaiai(d-bi) (d-bi) 

PP((XX>> = 1 I  6) = 1 + e D„ . ( * -M ' <45> 
wheree Xi is the score on item z, 0 is the latent trait, D is a scaling constant 

equall  to 1.7, and â  and 6̂  are the discrimination and difficulty parameters 

off  the ith item, respectively. 

Thee following ranges of difficulty and discrimination parameter values 

weree selected, that corresponded to parameter values selected in other sim-

ulationn studies (Mazor, Clauser h Hambleton, 1992; Donoghue, Holland 

&&  Thayer, 1993; Mazor, Clauser & Hambleton, 1994; Uttaro & Millsap, 

1994;; Allen & Donoghue, 1996; Penny & Johnson, 1999; Roussos, Schnipke 

hh Pashley, 1999). The values selected for the item difficulty parameters 

were:: b — —1.50, —.75, .00, .75,1.50. Using this range of difficulty parame-

terr values, item scores were generated for easy to difficult items. The values 

selectedd for the item discrimination parameters were: a = .5,1.0,1.5, rang-

ingg from weak discrimination to strong discrimination. Crossing the five 

levelss of item difficulty with the three levels of item discrimination yielded 

aa set of 15 items. For a test length of 15 one such a set was selected, and for 

thee 30- and 60-item tests, two and four of such 15-item sets were selected, 

respectively.. The item parameter values of all items are given in Table 4.2. 

Tablee 4.2: Item parameter values of all items 
itemm numbers b a 

1,16,31,46 6 
2,17,32,47 7 
3,18,33,48 8 
4,19,34,49 9 
5,20,35,50 0 
6.21,36,51 1 
7,22,37,52 2 
8,23,38,53 3 
9,24,39,54 4 

10,25,40,55 5 
11.26,41,56 6 
12,27.42.57 7 
13,28,43,58 8 
14,29,44,59 9 
15,30,45,60 0 

-1.50 0 
- .75 5 

.00 0 

.75 5 
1.50 0 

-1.50 0 
- .75 5 

.00 0 

.75 5 
1.50 0 

-1.50 0 
- .75 5 

.00 0 

.75 5 
1.50 0 

.5 5 

.5 5 

.5 5 

.5 5 

.5 5 
1.0 0 
1.0 0 
1.0 0 
1.0 0 
1.0 0 
1.5 5 
1.5 5 
1.5 5 
1.5 5 
1.5 5 
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Inn the no-DIF conditions the difficulty and discrimination parameter values 

off  all items were equal for the reference and the focal group. 

4.3.33 D I F s imulat ion 

DI FF was simulated by changing the item parameter values of selected DIF 

i temss in the focal group. For the 15-. 30- and 60-item tests, 3. 6 and 12 

i temss were selected to be DIF items, respectively, which corresponded for 

eachh test length to 20% of the total number of items. DIF items were not 

variedd with respect to difficulty . So all DIF items had the same difficulty. 

Narayanann & Swaminathan (1994) showed that DIF items with a difficulty 

parameterr value close to the mean of the ability range, where most of the 

examineess are located, in general have higher detection rates. This effect 

couldd be at t r ibuted more to the location of the DIF items relative to the 

positionn of the ability distributions than to difficulty itself. Therefore, the 

interestt was not in the effect of difficulty , and items that were selected to 

bee DI F items were items with a difficulty parameter of b = 0. Narayanan 

&&  Swaminathan (1994) also demonstrated that DIF items with higher dis-

criminationn parameter values have higher detection rates. In contrast to 

thee effect of difficulty , the effect of discrimination can be attr ibuted more to 

discriminationn itself than to the position of the ability distributions relative 

too the item. Although the interest was not in the effect of discrimination, 

thee DIF items were varied with respect to discrimination to obtain detec-

tionn rates for a more realistic situation instead of an optimal one. So the 

i temss that were selected to be DIF items were all items in Table 4.2 with 

66 = 0. that is, the items numbered: 3. 8,13.18. 23, 28. 33, 38.43, 48. 53, 58. 

Iff  an item functions differentially and the two-parameter logistic model 

holds,, then only uniform DIF or nonuniform DIF can exist. Uniform DIF 

iss defined to exist when only the difficulty parameters of the two groups 

aree unequal. Nonuniform DIF is defined to exist when the discrimination 

parameterss of the two groups are unequal, which means in terms of the 

odds-ratioo that it is not a constant function of the latent trait. At present, it 

iss commonly assumed that uniform DIF occurs more frequently in practice 

(Camillii  & Shepard, 1994; Mazor, Clauser k Hambleton, 1994). Therefore, 
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andd because the MH procedure is especially suited for the detection of 

uniformm DIF, only this type of DIF was simulated. 

Forr each DIF item the amount of DIF was set equal to a constant area 

measuree value of .3 between the IRFs of the reference and focal groups, 

whichh corresponded to a small amount of DIF (Raju, 1988). The area 

measuree value was assessed by Raju's (1988, Eq. 25) Signed Area (SA) 

measure.. The results of many DIF simulation studies have shown that 

DIFF items with higher amounts of DIF have higher detection rates (Mazor, 

Clauserr & Hambleton, 1992; Donoghue, Holland & Thayer, 1993; Mazor, 

Clauserr & Hambleton, 1994; Uttaro & Millsap, 1994; Narayanan & Swami-

nathan,, 1994; Allen & Donoghue, 1996; Penny & Johnson, 1999; Roussos, 

Schnipkee & Pashley, 1999). Therefore, there was no interest in the effect 

off  the amount of DIF and so for each DIF item the same amount of DIF 

wass selected. A small amount of DIF was selected here, because it en-

suredd the absence of ceiling effects for detection rates that could hamper 

thee comparison of the different variations of the MH procedure. 

4.3.44 Type 1 error  and detection rates 

Forr all no-DIF and all DIF conditions Type 1 error rates were calculated 

byy means of the hypothesis testing results of the no-DIF items. For the 

DIFF conditions detection rates were calculated by means of the hypothesis 

testingg results of the DIF items. For a test length condition of 15, 30 and 

600 items, 2000, 1000 and 500 replications were carried out, respectively. 

Soo for each test length in the no-DIF conditions the Type 1 error rate 

wass calculated by dividing the number of times the null hypothesis of no 

DIFF was incorrectly rejected by the total number of 30,000 observations 

(## items x # replications). For each test length in the DIF conditions 

thee Type 1 error rate was calculated by dividing the number of times the 

nulll  hypothesis of no DIF was incorrectly rejected by the total number of 

24,0000 observations (80% no-DIF of 30,000) and each detection rate was 

calculatedd by dividing the number of times the null hypothesis of no DIF 

wass correctly rejected by the total number of 6,000 observations (20% DIF 

off  30,000). 
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4.44 Results 

Forr both the no-DIF and the DIF conditions the actual values of Type 1 

errorr rates at the two nominal levels of significance were of course different 

fromm one another (approximately 1 percent or 5 percent), but the resulting 

patternss of Type 1 error rates did not substantially differ. Therefore, only 

thee results at the 5 percent nominal level of significance are reported. 

Forr determining whether a test is robust against violations of assump-

tionss under specific experimental conditions, Bradley (1978) proposed two 

criteria,, which were applied to the Type 1 error rates calculated in this 

study.. Bradley distinguished a liberal and a stringent criterion. A test 

meetss the liberal criterion if \a - a\ < .ba and the stringent criterion if 

\a\a — a\ < . la, where a is the Type 1 error rate calculated for the data. 

Therefore,, a Type 1 error rate meets the liberal or the stringent criterion for 

aa = .05, when it falls in the interval [.025, .075] or [.045, .055], respectively. 

Inn the following tables containing Type 1 error rates, the values that do not 

meett these criteria are indicated by two asterisks. The values that do not 

meett the stringent criterion but do meet the liberal criterion are indicated 

byy only one asterisk. 

4.4.11 Robustness in the no-DIF conditions 

Tablee 4.3 shows the Type 1 error rates for the MH procedure using the 

totall  score and no correction for continuity (MHT—), the total score and 

thee correction for continuity (MHT+), the rest score and no correction for 

continuityy (MHR—), and the rest score and the correction for continuity 

(MHR+),, within each of the 2(MLAD) x 2(SSR) x 3(TSS) x 3(TL) = 36 

cellss of the design of the no-DIF condition. 

Thee results showed that in the equal mean ability conditions all Type 

11 error rates met the liberal criterion for robustness. Also, all but one of 

thee continuity uncorrected conditions met the stringent criterion. 

Inn the unequal mean ability conditions, the mean Type 1 error rates of 

thee four procedures (MHT- , MHT+, MHR- and MHR+) overall met the 

liberall  criterion for robustness in the large test length (TL = 60) conditions. 
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Tablee 4.3: Type 1 error rates in the no-DIF condition; a = .05 

SSRR TSS TL 

11 300 15 
30 0 
60 0 

6000 15 
30 0 
60 0 

12000 15 
30 0 
60 0 

22 300 15 
30 0 
60 0 

6000 15 
30 0 
60 0 

12000 15 
30 0 
60 0 

equall  mean ability 

M H T -- MHT + M H R- MHR+ 

.0511 .034 * .059 * .042 * 

.0499 .031 * .051 .034 * 

.0533 .035 * .051 .034 * 

.0499 .036 * .055 .043 * 

.0500 .037 * .050 .038 * 

.0488 .036 * .050 .038 * 

.0522 .042 * .053 .044 * 

.0488 .038 * .047 .039 * 

.0488 .040 * .050 .041 * 

.0499 .031 * .049 .031 * 

.0499 .032 * .050 .032 * 

.0499 .030 * .049 .030 * 

.0500 .037 * .051 .039 * 

.0522 .037 * .049 .037 * 

.0477 .034 * .048 .035 * 

.0499 .040 * .047 .039 * 

.0500 .040 * .049 .040 * 

.0522 .042 * .051 .042 * 

unequall  mean ability 

M H T -- MHT + M H R- MHR+ 

.0622 * .039 * .137 **  .102 ** 

.0522 .032 * .076 **  .049 

.0499 .028 * .057 * .034 * 

.0866 **  .065 * .277 **  .242 ** 

.0566 * .040 * .104 **  .082 ** 

.0500 .035 * .061 * .044 * 

.1099 **  .092 **  .400 **  .370 ** 

.070**  .057*  .168**  .147** 

.0522 .042 * .077 **  .063 * 

.0588 * .035 * .117 **  .082 ** 

.0522 .031 * .075 * .049 

.0499 .028 * .055 .033 * 

.0788 **  .058 * .239 **  .198 ** 

.0599 * .041 * .097 **  .074 * 

.0511 .035 * .065 * .047 

.1100 **  .093 **  .368 **  .340 ** 

.0644 * .052 .146 **  .126 ** 

.0511 .040 * .072 * .058 * 
Note.. *: Type 1 error rate only meets the liberal criterion. 

** :: Type 1 error rate does not meet any of the two criteria. 

Inn using the total score (MHT— and M H T + ) this also held for the medium 

testt length (TL — 30) conditions. 

Forr both sample size ratios (SSR = 1 . 2) the Type 1 error rates in the 

unequall  mean ability conditions were very high when using the rest score 

( M H R -- and MHR+) for smaller test lengths (TL = 15, 30) and larger 

totall  sample sizes (TSS = 600, 1200). 

Thee number of times the Type 1 error rates of the MHT—, M H T + , 

MHR—— and MHR+ procedures satisfied the liberal criterion for robustness 

weree 32, 34, 24, and 27, respectively, of the total of 36 conditions. The num-

berr of times these same Type 1 error rates of the MHT—, MHT-j- , MHR— 

andd M H R+ procedures satisfied the stringent criterion for robustness are 

26,, 1, 18, and 3, respectively, of the total of 36 conditions. 

4.4.22 Robustness in th e D I F condi t ions 

Inn Table 4.4 the Type 1 error rates for the 20% DIF conditions are shown. 

Forr a small total sample size (TSS = 300) all Type 1 error rates met 

thee liberal criterion of robustness, except for the MHR— (rest score and 
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Tablee 4.4: Type 1 error rates in the 20% DIF condition: a = .05 

SSRR TSS TL 

11 300 15 
30 0 
60 0 

6000 15 
30 0 
60 0 

12000 15 
30 0 
60 0 

22 300 15 
30 0 
60 0 

6000 15 
30 0 
60 0 

12000 15 
30 0 
60 0 

equall  mean ability 

M H T -- MHT + MHR- MHR+ 

.0633 * .044 * .052 .036 * 

.0655 * .044 * .059 * .040 * 

.0644 * .042 * .065 * .043 * 

.085***  .065*  .105**  .084** 

.0811 **  .063 * .071 * .056 * 

.0799 **  .060 * .078 **  .060 * 

.1155 **  .099 **  .093 **  .081 ** 

.1133 **  .095 **  .103 **  .088 ** 

.113***  .096**  .099**  .086** 

.0633 * .041 * .059 * .041 * 

.0611 * .039 * .066 * .043 * 

.0633 * .040 * .061 * .040 * 

.0777 **  .058 * .062 * .045 

.0777 **  .058 * .081 **  .064 * 

.0766 **  .057 * .074 * .055 

.1088 **  .090 **  .087 **  .074 * 

.1122 **  .095 **  .104 **  .088 ** 

.1066 **  .090 **  .100**  .084 ** 

unequall  mean ability 

M H T -- MHT + M H R- MHR+ 

.0677 * .043 * .090 **  .062 * 

.0600 * .037 * .051 .030 * 

.0566 * .032 * .051 .028 * 

.0922 **  .072 * .172 **  .143 ** 

.0699 * .050 .057 * .041 * 

.0688 * .050 .050 .036 * 

.1255 **  .107 **  .222 **  .198 ** 

.0966 **  .079 **  .079 **  .066 * 

.0888 **  .072 * .054 .043 * 

.0644 * .039 * .082 **  .055 

.0600 * .035 * .051 .031 * 

.0611 * .034 * .057 * .032 * 

.0811 **  .060 * .137 **  .109 ** 

.0700 * .051 .059 * .043 * 

.0655 * .046 .049 .034 * 

.1222 **  .104 **  .232 **  .211 ** 

.0855 **  .069 * .068 * .053 

.0866 **  .070 * .057 * .044 * 
Note.. *: Type 1 error rate only meets the liberal criterion. 

** :: Type 1 error rate does not meet any of the two criteria. 

noo correction for continuity) procedure in the small test length (TL = 15) 

andd unequal mean ability conditions. Type 1 error rates were inflated in 

thee large total sample size (TSS = 1200) conditions, especially when the 

meann abilities in the two groups were equal, and for the MHT - (total 

scoree and no correction for continuity) procedure in case of unequal mean 

abilities.. For the other three procedures (MHT+, MHR- and MHR+) 

thee Type 1 error rates in the medium and large total sample size (TSS = 

600,, 1200) conditions, overall satisfied the liberal criterion for robustness 

forr unequal mean abilities of the two groups and larger test length (TL = 

30,, 60) conditions. 

Forr the DIF condition, the number of times the Type 1 error rates of 

thee MHT- , MHT+, MHR- and MHR+ procedures satisfied the liberal 

robustnesss criterion were 16, 27. 20, and 26, respectively, of the total of 

366 conditions. The number of times these same Type 1 error rates of 

thee MHT- . MHT+, MHR- and MHR+ procedures satisfied the stringent 

criterionn for robustness were 0, 4, 7, and 4, respectively, of the total of 36 

conditions. . 
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4.4.33 Power in the DI F conditions 

Detectionn rates calculated at the 1 percent nominal level of significance 

weree smaller than those at the 5 percent nominal level, but the resulting 

patternss of detection rates did not substantially differ. Therefore, only 

detectionn rates at the 5 percent nominal level of significance are reported. 

Inn Table 4.5 the detection rates for the 20% DIF conditions are presented. 

Tablee 4.5: Detection rates in 20% DIF condition; a = .05 

SSRR TSS 

11 300 

600 0 

1200 0 

22 300 

600 0 

1200 0 

TL L 

15 5 

30 0 

60 0 

15 5 

30 0 

60 0 

15 5 
30 0 
60 0 

15 5 

30 0 

60 0 

15 5 

30 0 

60 0 

15 5 

30 0 

60 0 

equall  mean ability 

M H T --

.301 1 

.228 8 

.217 7 

.424 4 

.434 4 

.406 6 

.674 4 

.652 2 

.645 5 

.217 7 

.211 1 

.204 4 

.412 2 

.358 8 

.372 2 

.633 3 

.629 9 

.604 4 

MHT ++ M H R-

.254 4 

.185 5 

.169 9 

.383 3 

.395 5 

.367 7 

.654 4 

.632 2 

.625 5 

.169 9 

.166 6 

.156 6 

.372 2 

.322 2 

.333 3 

.610 0 

.605 5 

.579 9 

.439 9 

.224 4 

.215 5 

.378 8 

.456 6 

.417 7 

.737 7 

.690 0 

.668 8 

.203 3 

.201 1 

.223 3 

.488 8 

.347 7 

.383 3 

.692 2 

.664 4 

.620 0 

MHR+ + 

.393 3 

.186 6 

.174 4 

.346 6 

.421 1 

.384 4 

.721 1 

.673 3 

.649 9 

.162 2 

.157 7 

.179 9 

.455 5 

.310 0 

.340 0 

.674 4 

.646 6 

.599 9 

unequall  mean ability 

M H T --

.271 1 

.233 3 

.181 1 

.449 9 

.379 9 

.340 0 

.593 3 

.572 2 

.552 2 

.221 1 

.195 5 

.156 6 

.386 6 

.342 2 

.298 8 

.551 1 

.526 6 

.507 7 

MHT + + 

.223 3 

.185 5 

.133 3 

.418 8 

.343 3 

.300 0 

.576 6 

.552 2 

.528 8 

.171 1 

.150 0 

.109 9 

.347 7 

.296 6 

.258 8 

.528 8 

.498 8 

.477 7 

M H R --

.537 7 

.386 6 

.250 0 

.781 1 

.607 7 

.455 5 

.913 3 

.806 6 

.701 1 

.436 6 

.297 7 

.213 3 

.713 3 

.493 3 

.412 2 

.888 8 

.780 0 

.628 8 

MHR+ + 

.485 5 

.329 9 

.192 2 

.763 3 

.567 7 

.413 3 

.905 5 

.793 3 

.678 8 

.368 8 

.239 9 

.161 1 

.683 3 

.448 8 

.364 4 

.876 6 

.759 9 

.628 8 

Note.. Detection rates within boxes belong to robust testing situations ac-
cordingg to the liberal robustness criterion. 

Overall,, for all procedures the detection rate decreased with test length, 

andd increased with total sample size. Furthermore, the detection rates for 

equall  sample sizes were higher than those for unequal sample sizes. 

Thee comparison of detection rates of two DIF tests within one cell of the 

designn was only legitimate when both tests were robust, because then both 

detectionn rates were accurate power estimates at the same nominal level of 

significance.. From the robustness results in the previous section it was clear 

thatt the MHT+ and the MHR+ procedures were robust in more conditions 

thann the other two procedures. The detection rates of the MHT+ and the 
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MHR4-- procedures, in case of robust testing conditions according to the 

liberall  robustness criterion for both procedures simultaneously, were the 

oness placed within boxes in Table 4.5. So for 24 of the in total 36 conditions 

(66.7%)) the detection rates of the M H T ++ and the MHR+ procedures could 

bee compared with one another. For 21 out of these 24 conditions (87.5%) 

thee detection rate was higher for the M H R+ procedure than for the M H T + 

procedure. . 

4.55 Discussion and recommendations 

Thee results of the present simulation study show that when the two-para-

meterr logistic model fits the data, the test statistic of the MH procedure 

iss robust and can be used for DIF detection only under specific conditions. 

Especiallyy in the conditions in which DIF is absent in the matching variable, 

thee total sample size is small to moderate, the mean abilities in the two 

groupss are equal, and the test length is medium to large, the MH test 

statist icc is robust according to the liberal robustness criterion and the Type 

11 error rate is not inflated. Under other circumstances the Type 1 error 

ratee of the MH test statistic can be too high and the MH procedure should, 

therefore,, be applied with caution. 

Thee detection rates found in this study are probably low due to the 

smalll  amount of DIF and are, therefore, not completely unsatisfactorily. 

Especially,, when the total sample size is large the detection rates reach a 

moree acceptable level. Under the same experimental conditions but with a 

mediumm or a large amount of DIF, the detection rates are expected to be 

higher. . 

Thee main interest in this study was in the comparison of the applicabil-

ityy of different variations of the MH procedure in realistic and complex DIF 

situations.. The aim of the simulation study was to give recommendations 

aboutt the adequate MH procedure to be used in particular research condi-

tions.. On the basis of the simulation results the following recommendations 

cann be given, which apply to situations in which the two-parameter logistic 

modell  fits the empirical data. 

First,, it is recommended to always use the MH procedure with the 
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correctionn for continuity. In general, the use of the correction for continuity 

controlss for Type 1 error inflation and keeps the Type 1 error rate more 

oftenn within the limit s of robustness. In the no-DIF conditions using the 

correctionn for continuity leads to a more conservative test. 

Second,, it is recommended to use the MH procedure with the rest score 

ass the matching variable for large test lengths, no matter how large the total 

samplee size and no matter the ratio of the sample sizes of the two groups. 

Thee Type 1 error rates calculated in the no-DIF condition of the M H T + 

andd the MHR-I- procedures for a large test length all satisfy at least the 

liberall  criterion for robustness. In the DIF condition, the Type 1 error rates 

off  these two procedures almost in any medium test length condition and in 

alll  large test length conditions satisfy the liberal criterion for robustness. 

However,, using the MH procedure with the correction for continuity and 

thee rest score as the matching variable yields a more powerful test. 

Finally,, it is recommended to use the tradit ional MH procedure with 

correctionn for continuity and the total score as the matching variable in 

casee of a small or a medium test length situation. In this situation, the 

Typee 1 error rate of the traditional MH procedure more often meets the 

criteriaa for robustness. 





55 Detecting differently discriminating 

uniformm DIF items by means of 

thee Mantel-Haenszel procedure 

A b s t r a ct t 

Bothh the Mantel-Haenszel (MH) chi-square test statistic and odds-ratio 

estimatorr are evaluated by means of a simulation study. For the evalua-

tionn of the MH chi-square statistic Type 1 error rates and detection rates 

weree calculated and for the evaluation of the MH odds-ratio estimator 

itss Mean Squared Error (MSE) and bias. The focus was on the detection 

off  uniform DIF, which was simulated by means of the MH population 

odds-ratioo parameter, instead of Raju's Signed Area (SA). The SA was 

shownn to be not directly proportional to the MH odds-ratio parameter 

underr the two-parameter logistic model, and was shown to depend, in 

additionn to the MH odds-ratio parameter, on item discrimination. For 

fixedd values of the population MH odds-ratio parameter, it was examined 

whatt the effect of item discimination was on the Type 1 error rate and 

detectionn rate of the MH chi-square test statistic, and on the MSE and 

biass of the MH odds-ratio estimator. Other factors manipulated were: 

meann latent ability difference, sample size ratio, total sample size, test 

length,, and DIF effect size. In general, the results showed that strongly 

discriminatingg uniform DIF items were less likely to be detected by the 

MHH procedure than weakly discriminating uniform DIF items with the 

samee DIF effect size in terms of the population MH odds-ratio. 

5.11 Introduction 

Ann important topic in the field of educational and psychological measure-

mentt is Differential Item Functioning (DIF). In general, DIF is defined to 
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existt when, in addition to the intended psychological construct, a test item 

alsoo measures a nuisance variable that is associated to a grouping variable 

suchh as ethnicity, age or sex. Under Item Response Theory (IRT) models 

forr dichotomous item scores, DIF implies that the relationship between the 

probabil ityy of a correct or positive item score and the latent trait measured 

byy the item, usually called the Item Response Function (IRF). is not the 

samee in at least two relevant subpopulations. 

Thiss DIF definition of unequal IRFs in two or more groups is general 

inn the sense that it does not incorporate a specific hypothesis about how 

thee IRFs differ from one another. An aid to define specific types of DIF is 

thee between groups latent odds-ratio function. This between groups latent 

odds-ratioo function gives the between groups ratio of the odds of a correct 

(orr positive) item score as a function of the latent trait. One of the specific 

typess of DIF that can be defined by means of the between groups latent 

odds-ratioo function is uniform DIF. Here, following Hanson (1998). uniform 

DI FF is defined to exist when the latent odds-ratio is a constant function of 

thee latent trait and unequal to one. Then, uniform DIF can be expressed 

byy means of a population odds-ratio, which is a scalar or a single parameter 

whichh does not depend on the latent trait. 

Onee of the standard DI F procedures for dichotomous item scores that 

iss especially appropriate for the detection of uniform DIF. is the Mantel-

Haenszell  (MH) procedure (Mantel k Haenszel. 1959: Holland k Thayer. 

1988).. In the MH procedure, the between-groups ratio of the odds of a 

correctt score on the item being studied for DIF conditional on an observed 

matchingg criterion, used as a substitute for the latent trait, is investigated. 

However,, up to now the null hypothesis tested by means of the MH test 

statist icc has only been shown to be equal to the null hypothesis of equal 

IRFss in two groups, when the following conditions hold (Holland k Thayer. 

1988):: (1) the dichotomous data follow the one-parameter logistic model. 

(2)) the observed matching criterion, as a substi tute for the latent trait, 

includess the studied item. (3) all items used in the matching criterion, ex-

ceptt for possibly the studied item, are free of DIF. and (4) the data are 

randomm samples from the two subpopulations being studied. The MH pro-

ceduree has been extensively studied under one or more violations of these 
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conditions,, which are rather restrictive to the empirical data (Donoghue, 

Hollandd & Thayer, 1993; Uttaro & Millsap, 1994; Swaminathan k Rogers, 

1990;; Rogers & Swaminathan, 1993; Clauser, Mazor & Hambleton, 1994; 

Parshalll  & Miller, 1995; Allen & Donoghue, 1996). 

Thee MH procedure has, in addition to the MH chi-square test statistic, 

ann associated DIF effect-size measure. This MH DIF effect-size measure is a 

weightedd sum of the empirical odds-ratios of the studied item across differ-

entt observed matching score levels. Usually, the total sum score including 

thee studied item is selected as the matching score variable. The weighted 

summ of empirical odds-ratios is an estimator of an odds-ratio parameter 

whichh is assumed to be constant at all levels of the observed matching score 

variable.. In a study of Roussos, Schnipke and Pashley (1999), a general 

formulaa for this MH odds-ratio parameter under IRT model assumptions 

wass derived. In this theoretical formula, the MH odds-ratio parameter is 

writtenn as a function of the latent trait. Roussos et al. (1999) argued that 

thee formula can be used regardless of the form of the IRF and that it is 

appropriatee for specific types of DIF, such as uniform DIF and nonuniform 

DIFF (Mellenbergh, 1982; Hanson, 1998). 

Inn most DIF simulation studies in which the detection of uniform DIF by 

meanss of the MH procedure was investigated and the data were generated 

underr a logistic IRT model (Mazor, Clauser & Hambleton, 1992; Uttaro & 

Millsap,, 1994; Narayanan & Swaminathan, 1994), the Signed Area (SA) 

(Raju,, 1988) between the IRFs of two groups was used for the simulation 

andd manipulation of uniform DIF. The focus in these studies was almost 

exclusivelyy on the Type 1 error rate and the detection rate of the MH test 

statisticc under one or more violations of the four conditions necessary for 

thee MH null hypothesis to be equal to the IRT null hypothesis of no DIF. 

Inn general, violations of these conditions lead to an inflation of the Type 1 

errorr rate. The detection rate, however, depends in particular on the way 

uniformm DIF is simulated in addition to item characteristics such as the 

difficultyy and discrimination level. In most simulation studies in which the 

SAA or just a difference in difficulty parameter values was used, the detection 

ratee of a DIF item showed: (1) an increase with an increase of the DIF 

effect-size,, (2) to be higher in case the item had a medium difficulty level, 
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andd (3) an increase with an increase of the item's discrimination level. The 

thirdd result is typical when the discrimination parameter values are allowed 

too vary between items, whereas the first two results also hold for the Rasch 

model. . 

Inn previous simulation studies less attention has been paid to the per-

formancee of the MH odds-ratio estimator. The MH odds-ratio estimator 

cann be evaluated by means of its mean squared error (MSE) and bias. In 

orderr to determine the MSE and the bias of the MH odds-ratio estimator 

underr IRT model assumptions the population value of the odds-ratio must 

bee known and, therefore, it is more convenient and appropriate to use and 

manipulatee the MH odds-ratio parameter derived by Roussos et al. (1999) 

insteadd of the SA. Moreover, in a later section it is shown that the SA for 

aa uniform DIF item is directly proportional to the MH odds-ratio param-

eterr under the one-parameter logistic model, but not directly proportional 

too the MH odds-ratio parameter under the two-parameter logistic model. 

Underr the latter model the SA for a uniform DIF item depends, in addition 

too the MH odds-ratio parameter, on the common discrimination parame-

ter,, which must be the same in both groups under uniform DIF. Hence, 

whenn the purpose is to assess the MSE and the bias of the MH odds-ratio 

estimator,, it is less appropriate to use Raju's SA for simulating uniform 

DIFF under models in which item discrimination is allowed to vary between 

items.. Consequently, because of the intermediating role of item discrimina-

tion,, the question is raised whether strongly discriminating items are still 

moree likely to be detected by the MH procedure than weakly discriminating 

itemss when the general formula of the MH odds-ratio parameter is used for 

thee simulation and manipulation of uniform DIF under such models. 

Inn a simulation study, the general formula of the MH odds-ratio pa-

rameterr was used to simulate uniform DIF and to manipulate the DIF 

effect-sizee using data generated under the two-parameter logistic model. 

Thee performance of the MH common odds-ratio estimator was investigated 

inn estimating the MH odds-ratio parameter expressing the amount of uni-

formm DIF under the two-parameter logistic model. For fixed values of the 

MHH odds-ratio parameter it was examined what the effect of item discrim-

inationn was on the Type 1 error rate of no-DIF items, on the detection rate 
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off  uniform DIF items, and on the estimation of the MH common odds-ratio 

parameterr of both no-DIF and DIF items. 

5.1.11 Th e Man te l -Haenszel p r o c e d u re 

Forr the 'studied item' the MH null hypothesis of no DIF can be expressed 

as s 

HH** ::TT = T' f o r a 1 1^ t5'1) 

wheree ÜJ and bj denote the number-correct and the number-incorrect at 

matchingg score level j in the reference subpopulation, respectively, and Cj 

andd dj denote the number-correct and the number-incorrect at matching 

scoree level j in the focal subpopulation, respectively. Alternatively, the MH 

nulll  hypothesis of no DIF can be expressed as 

H 0 : ^^ = l , for all j . (5.2) 
bbj°j j°j 

Thee MH null hypothesis of no DIF is tested against the alternative hypoth-

esiss Hi of a constant odds-ratio not equal to one, 

HH^  ̂ o2d1=f5MH_éh for all j , (5.3) 
bbjj ccj j 

wheree /3MH is called the common MH odds-ratio parameter, which is the 

samee for all j , but not equal to one as in the null hypothesis. 

Iff  in the sample at matching score level  j , Aj denotes the number-correct 

onn the studied item in the reference group, Mi the total number-correct on 

thee studied item, Mo • the total number-incorrect on the studied item, JV .̂ 

thee number of examinees in the reference group and T3 the total number 

off examinees, then the expected value of the frequency Aj under the null 

hypothesiss in the sample is 

NNRRM M 
E[Aj]E[Aj]  = ^ J. (5.4) 

T T 
113 3 

Iff in the sample Np. denotes the number of examinees in the focal group 

att matching score level j , then the variance of the frequency Aj under the 
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nulll hypothesis in the sample is 

NNRR.N.NFF.MI.MQ. .MI.MQ. 

Thee sample expected value and the sample variance of the frequency Aj at 

eachh matching score level j , are used in the MH test statistic 

( lE^-E.E^U-i ) 2 2 

MH" CHISQQ = Ë^y '  (5'6) 

whichh is approximately chi-square distributed with one degree of freedom. 

Inn this statistic a correction for continuity is used to improve the approxi

mationn of the discrete distribution by the continuous chi-square distribution 

(seee Chapter 4). 

Iff the samples are random samples from the subpopulations, then the 

samplee frequencies Aj, Bj, Cj and D3 at matching score level j are estimates 

off the corresponding population frequencies aj, bj, Cj and dj. The sample 

frequenciess are used in calculating the MH common odds-ratio estimator 

00MHMH  = =r^b-^  (5-7) 

whichh can be used as a measure for the amount of DIF or, in other words, 

ass a DIF effect-size measure. 

5.1.22 Prev ious simulat ion s tud ies 

Thee MH procedure has been studied extensively (Donoghue, Holland & 

Thayer,, 1993; Uttaro & Millsap, 1994; Swaminathan & Rogers, 1990; 

Rogerss & Swaminathan, 1993; Clauser, Mazor & Hambleton, 1994; Par-

shalll & Miller, 1995, Allen & Donoghue, 1996). In most studies the di-

chotomouss data were generated under a two- or three-parameter logistic 

modell (Birnbaum, 1968) and uniform DIF was simulated and manipulated 

usingg Raju's (1988) SA measure, or by means of the difference in difficulty 

parameterr values of the reference and focal groups. 

Forr example, Mazor, Clauser &; Hambleton (1992) investigated the ef

fectt of sample size on the performance of the MH test statistic. They 
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simulatedd and manipulated uniform DIF by selecting the following diffi

cultyy parameter differences between reference and focal groups: b  ̂ - b\\ — 

0.25,0.50,1.00,1.50,, where big is the difficulty parameter for the ith item in 

groupp g. They found that poorly discriminating items were least likely to 

bee dectected. 

Otherr examples are two studies of Narayanan & Swaminathan (1994, 

1996).. They investigated the MH procedure in comparison to other pro

ceduress for detecting DIF. In both studies they included the factor DIF 

effect-size.. To quantify the amount or size of DIF they used Raju's (1988) 

SAA between the reference and focal groups' IRFs. Four levels of DIF effect-

sizee were selected, equal to area values of .4, .6, .8, and 1.0, reflecting 

DIFF effect-sizes ranging from a small amount of DIF (.4) to a fairly large 

amountt of DIF (1.0). In both studies they found that, in general, as item 

discriminationn increased, the power of the DIF procedures increased. 

5.1.33 Uni for m DIF , M H odds-rat io parameter  and Raju ' s 

SA A 

Successively,, in this section the relationships between uniform DIF and 

thee MH odds-ratio parameter, between uniform DIF and Raju's SA, and 

betweenn the MH odds-ratio parameter and Raju's SA will be discussed for 

thee one- and two-parameter logistic models, respectively. 

Unifor mm DI F and the M H odds-ratio parameter 

Inn the framework of IRT, the general definition of DIF for a dichotomously 

scoredd item implies that the IRFs of two groups of examinees are unequal. 

Iff 0 denotes the latent trait, and Pkg(0) denotes the IRF of the studied item 

kk in group g, then the general DIF definition for the dichotomously scored 

itemm k and two groups (g = 1,2) is formally written as 

PPklkl(0)(0) ^ Pk2{P), for at least one 6. (5.8) 

Thiss general DIF definition can also be given in terms of the between-groups 

latentt odds-ratio function, which is 

wjt(0)) = Pkl{0){l~Pkml  1, for at least one 9. (5.9) 
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Here,, the specific type of uniform DIF exists when the latent odds-ratio is 

aa constant function of the latent trait: that is. 

4 MM  = ( i - f t , (» ) )p r f r i "  foral ie- (5-10) 

wheree 6k is a constant unequal to 1 (Hanson. 1998), and is called the uni

formm DIF odds-ratio parameter. Substi tut ing Birnbaum's two-parameter 

logisticc model. 

eeaakgkg(9~b(9~bkgkg) ) 

wheree akg is the discrimination parameter and bkg is the difficulty parameter 

forr i tem k in group g. into Equation 5.12. yields the following definition of 

uniformm DIF in terms of the latent odds-ratio function. 

eeaaklkl{6-b{6-bklkl) ) 

^ ' ^^ = ak2(0-bk2)
 = e^ak^ak2)6-akibki+ak2b  ̂ =Sk^h for all 9. (5.12) 

Iff tuk{0) is a constant for all 9, then its first derivative is equal to zero for 

alll Q\ that is 

JJkk(0)(0) =  e K i - a f c 2 ) e - Q f c ] 6 H + a H 6 , 2 ( q . 1 _ a / : 2 ) E 0 ! ( 5 1 3 ) 

andd this is only true for ak\ = ak2- If both ak\ = ak2 and bki = bk2 hold, 

thenn the IRFs of the two groups are equivalent and no DIF exists: therefore, 

bkibki ¥" bk2 must be true for uniform DIF to exist. From this result it follows 

t ha tt under the two-parameter logistic model uniform DIF exists for item k 

iff and only if ak\ = ak2 = Q-k and bk\ ¥" bk2. Substituting ak for ak\ and 

aak2k2 i n Equation 5.14 yields 

u}u}kk(0)(0) = ea^b**- b^=ok£\. (5.14) 

Roussoss et al. (1999) derived the following theoretical formula for the MH 

odds-rat ioo parameter of the studied item k, 

""  ~ /^wd-wHjai^ • ( 5) 

wheree fg(6) is the probability density function of 0 in group g and 7S is the 

populat ionn proportion of the total number of examinees who are in group 
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g.g. Substituting Equation 5.16 into Equation 5.17, that is, replacing u)k{@) 

byy the constant eak^bk2~bkl\ reduces the MH odds-ratio parameter for a 

uniformm DIF item under the two-parameter logistic model to 

QMHQMH _ eak(bk2-bki) _ (5.16) 

Sincee the one-parameter logistic model is a special case of the two-parameter 

logisticc model with a,i = a, for all i including the studied item k, the MH 

odds-ratioo parameter for a studied uniform DIF item k under the one-

parameterr logistic model is 

pMHpMH = ea(bk2-bkl) _ ( 5 1 7 ) 

Inn the one-parameter logistic model it is common practice to set a — 1, 

whichh yields [3%IH = ebk2~bkl. 

Unifor mm DI F and Raju' s SA 

Rajuu (1988) showed that under the one- and two-parameter logistic model 

forr any type of DIF the SA between the IRFs of two groups is equal to 

SASAkk = bk2-bki, for fefc2 > bfci. (5-18) 

Soo for the one- and two-parameter logistic models the SA of a uniform 

DIFF item is equal to the difference in difficulty parameter values in the two 

groups. . 

Th ee M H odds-ratio parameter  and Raju' s SA 

Substitutingg the SA into the expression for the MH odds-ratio parameter, 

Equationn 5.16, yields 

pMHpMH = eak(SAk)  ̂ ( 5 1 9 ) 

forr a uniform DIF item under the two-parameter logistic model. Setting 

aa = 1 yields 

pMHpMH = eSAk  ̂ ( 5 i 2 0 ) 

forr a uniform DIF item under the one-parameter logistic model. 
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Itt is clear that for a uniform DIF item under the one-parameter logistic 

modell with a. = 1. the MH odds-ratio parameter is a strictly increasing 

functionn of the SA. For a uniform DIF item under the two-parameter lo

gisticc model the MH odds-ratio parameter is a strictly increasing function 

off the SA given a fixed value of the common discrimination parameter 

(ajtii = a  ̂ = flfc), and also a strictly increasing function of the common 

discriminationn parameter given a fixed value of the SA. So for a uniform 

DIFF item under the two-parameter logistic model, given a fixed value of 

thee SA, the MH odds-ratio increases with discrimination, as is illustrated 

inn Table 5.1 for a selected number of area and discrimination values. Re

gardingg previous simulation studies in which the SA was used to simulate 

Tablee 5.1: Signed area, discrimination and MH odds-ratio values 
SASAkk ak 0*" 1 =eaklSAk) 

0.3 3 

0.6 6 

0.9 9 

0.5 5 
1.0 0 
1.5 5 
0.5 5 
1.0 0 
1.5 5 
0.5 5 
1.0 0 
1.5 5 

1.162 2 
1.350 0 
1.568 8 
1.350 0 
1.822 2 
2.460 0 
1.568 8 
2.460 0 
3.857 7 

andd manipulate uniform DIF, this positive relationship between item dis

criminationn and the odds-ratio, conditional on the SA, gives an explanation 

forr the often found result that uniform DIF items with higher discrimina

tionn parameter values are more likely to be detected by the MH procedure 

thann uniform DIF items with lower discrimination parameter values, but 

withh the same SA values. 

Moreover,, the data in Table 5.1 show that if the SA is used to manip

ulatee the DIF effect-size for the amount of uniform DIF without taking 

thee discrimination parameter value into account, then the order of DIF 

effect-sizess can be reversed in terms of the MH odds-ratio parameter. For 

example,, a medium DIF effect-size of 0.6 (SA) for a uniform DIF item 

withh a common discrimination parameter of 1.5 yields a MH odds-ratio 

parameterr value of 2.460, whereas a larger DIF effect-size of 0.9 (SA) for a 

uniformm DIF item with a common discrimination parameter of 0.5 yields a 

MHH odds-ratio parameter value of 1.568. This is a smaller value than the 
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valuee 2.460 for the item with a smaller DIF effect-size value (SA). 

Fromm the preceding results it follows that Raju's SA depends on the 

discriminationn parameter for fixed values of the MH odds-ratio parameter 

underr both the one- and two-parameter logistic models. For a uniform DIF 

itemm under the two-parameter logistic model, the SA in terms of the MH 

odds-ratioo parameter is 

SASAkk =  - ln(/3 f c
M/ /) , (5.21) 

andd for a uniform DIF item under the one-parameter logistic model with 

aa = 1 the SA in terms of the odds-ratio is 

SASAkk=\n($=\n($HH).). (5.22) 

Forr a uniform DIF item under the two-parameter logistic model, it 

followss that given a fixed value of the MH odds-ratio the SA decreases with 

ann increase of discrimination, as is illustrated in Table 5.2 for a number 

Tablee 5.2: MH odds-ratio parameter, discrimination, SA and difficulty 
ppMH MH 

1.25 5 

1.50 0 

2.00 0 

a-k a-k 

0.5 5 
1.0 0 
1.5 5 
0.5 5 
1.0 0 
1.5 5 
0.5 5 
1.0 0 
1.5 5 

SASAk k 

0.446 6 
0.223 3 
0.149 9 
0.811 1 
0.405 5 
0.270 0 
1.386 6 
0.693 3 
0.462 2 

hi hi 
-0.223 3 
-0.112 2 
-0.074 4 
-0.405 5 
-0.203 3 
-0.135 5 
-0.693 3 
-0.347 7 
-Ü.231 1 

&fc2 2 

0.223 3 
0.112 2 
0.074 4 
0.405 5 
0.203 3 
0.135 5 
0.693 3 
0.347 7 
0.231 1 

off selected odds-ratio and discrimination values. In the simulation study 

thatt follows, it will be investigated what the effect of item discrimination is 

onn the detection rate of the MH procedure for two (or more) uniform DIF 

itemss with the same MH odds-ratio parameter value. 

5.22 Methods 

5.2.11 Factors manipulated 

Thee following factors that have been shown to affect the Type 1 error and 

thee power of the MH test statistic (Uttaro k, Millsap, 1994; Narayanan & 



96 6 DetectingDetecting differently discriminating uniform DIF items 

Swaminathan,, 1996) and possibly also the MH common odds-ratio estima

tor,, are manipulated in the simulation study: (1) the mean latent ability 

differencee between reference and focal groups. (2) the ratio of the reference 

andd focal group sample sizes. (3) the total sample size. (4) the test length. 

(5)) the DIF effect-size, and (6) the item discrimination. The factors are 

manipulatedd primarily to investigate the effect of item discrimination in 

aa wide range of conditions tha t are possible in realistic situations. Each 

factorr is discussed next. 

(1)) Mean Latent Ability Difference (ML AD). The factor ML AD had 

twoo levels. At both levels latent ability values were drawn from normal 

distributionss with unit variance. At the first level, latent ability values of 

bo thh subpopulations were drawn from the same standard normal distribu

tion.. So at this level the MLAD was zero (MLAD = 0) in terms of standard 

deviations.. At the second level, for the reference group latent ability values 

weree drawn from the s tandard normal distribution, and for the focal group 

latentt ability values were drawn from a normal distribution with a mean 

off —1 and unit variance. So at this level the MLAD was one standard 

deviationn (MLAD = 1). 

(( NR\ 

(2)) Sample Size Ratio (SSR) I = —— . The factor SSR also had two 

levels.. At the first level, the SSR was equal to 1 (equal sample sizes). At 

thee second level, the SSR was equal to 2 (reference group twice as large as 

thee focal group). 

(3)) Total Sample Size (TSS) (= NR + Np). The factor TSS had three 

levels:: N = 300.600.1200, which corresponded to a small, a medium and 

aa large sample size, respectively. 

(4)) Test Length (TL). Three TLs were selected: n = 15,30,60. which 

correspondedd to a short, a medium and a long test, respectively. 

(5)) DIF effect-size (DES). The amount of uniform DIF was manipulated 

byy varying the value of the MH odds ratio parameter representing the DES. 

Thee MH odds-ratio parameter was set at: (3MH = 1.25,1.50,2.00, for a 

small,, medium and large amount of uniform DIF or DES, respectively. 

(6)) Item Discrimination (ID). For both no-DIF and DIF items, ID was 

varied.. ID was set at: 0.5,1.0 and 1.5, for a weakly, moderately and stongly 
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discriminatingg item, respectively. 

Thee MH tests for the null hypothesis of no DIF were performed at the 

fivefive percent nominal level of significance. 

5.2.22 Data generation 

Inn order to show the effect of item discrimination the dichotomous data 

weree generated by means of the two-parameter logistic model. The ranges 

off values for the difficulty and discrimination parameters corresponded to 

parameterr values selected in other simulation studies (Mazor, Clauser & 

Tablee 5.3: Item parameter values of all items 
itemm numbers b a 

1,16,31,46 6 
2,17,32,47 7 
3,18,33,48 8 
4,19,34,49 9 
5,20,35,50 0 
6,21,36,51 1 
7,22,37,52 2 
8,23,38,53 3 
9,24,39,54 4 

10,25,40,55 5 
11,26,41,56 6 
12,27,42,57 7 
13,28,43,58 8 
14,29,, 44,59 
15,30,45,60 0 

-1.50 0 
- .75 5 

.00 0 

.75 5 
1.50 0 

-1.50 0 
- .75 5 

.00 0 

.75 5 
1.50 0 

-1.50 0 
- .75 5 

.00 0 

.75 5 
1.50 0 

.5 5 

.5 5 

.5 5 

.5 5 

.5 5 
1.0 0 
1.0 0 
1.0 0 
1.0 0 
1.0 0 
1.5 5 
1.5 5 
1.5 5 
1.5 5 
1.5 5 

Hambleton,, 1992; Donoghue, Holland & Thayer, 1993; Mazor, Clauser & 

Hambleton,, 1994; Uttaro & Millsap, 1994; Allen & Donoghue, 1996; Penny 

&& Johnson, 1999; Roussos, Schnipke & Pashley, 1999). Item difficulty 

rangedd from easy to difficult: b = -1.50, - .75 , .00, .75,1.50. Item discrimi

nationn ranged from weak to strong: a — .5,1.0,1.5. The five levels of item 

difficultyy were crossed with the three levels of item discrimination to yield 

aa set of 15 items. One such a set was selected for a 15-item test, two and 

fourr of such 15-item sets were selected for the 30- and 60-item tests, respec

tively.. The difficulty and discrimination parameter values of all 60 items 

constructedd are given in Table 5.3. 
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5.2.33 Simulation of unifor m DI F 

Forr each test length, 20% of the total number of items was selected to ex

hibitt uniform DIF. So for the 15-, 30- and 60-item tests, 3,6 and 12 items 

weree selected to be uniform DIF items, respectively. Each of the 20% uni

formm DIF items within one test was assigned the same DES. DIF items were 

nott varied with respect to difficulty. Results of a DIF simulation study of 

Narayanann & Swaminathan (1994), for example, showed that DIF items 

withh a difficulty parameter value close to the mean value of the ability 

range,, a region where most of the examinees are located, in general have 

higherr detection rates. This effect can be attributed more to the location 

off the DIF items relative to the position of the ability distributions than 

too difficulty itself. Therefore, the interest was not in the effect of difficulty 

ass such, and for the items that were selected to be uniform DIF items 

thee mean difficulty parameter for the two groups was set at b — 0. The 

itemss that were selected to be uniform DIF items were the items in Table 

5.33 with numbers: 3, 8,13,18, 23,28, 33, 38, 43,48, 53, 58. For these uniform 

DIFF items b = b = 0 in Table 5.3. If b = ^ = °> t h e n 6i = ~b2- R e" 

placingg b2 by -bx mSA = b2-bi = \ ln(/3M/f), yields -2&i = \ \n{(3MH), 

fromm which it follows that the difficulty parameter value for the reference 

groupp is: b\ = — ^ ln((3MH). In the same manner the difficulty parameter 

valuee 62 = ^ hi(/3Mjf/) is obtained for the focal group. 

5.2.44 Type 1 error  and detection rates 

Forr each of the 324 cells of the 2(MLAD) x 2(SSR) x 3(TSS) x 3(TL) x 

3(DES)) x 3(ID) factorial design, a Type 1 error rate and a detection rate 

weree calculated. Type 1 error rates were calculated by means of the hy

pothesiss testing results of the 80% no-DIF items. Detection rates were 

calculatedd by means of the hypothesis testing results of the 20% uniform 

DIFF items. For a test length condition of 15, 30 and 60 items, 2000, 1000 

andd 500 replications were carried out, respectively, to obtain the same num

berr of 30,000 observations for each test length. Dividing the total number of 

observationss by the number of item discrimination levels yielded the same 

numberr of 10,000 observations per discrimination level and, thus, for each 
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celll of the design. The Type 1 error rate of each cell was calculated by 

dividingg the number of times the null hypothesis of no DIF was incorrectly 

rejectedd by the total number of 8,000 (80% of 10,000) observations and 

eachh detection rate was calculated by dividing the number of times the null 

hypothesiss of no DIF was correctly rejected by the total number of 2,000 

(20%% of 10,000) observations. 

Forr determining whether a test is robust against violations of assump

tionss under specific experimental conditions, Bradley (1978) proposed a 

liberall and a stringent criterion, which were applied to the Type 1 error 

ratess calculated in this study. A test meets the liberal criterion if the dif

ferenceference between the nominal level and the actual level of significance is 

smallerr than or equal to fifty percent of the nominal level of significance 

andd it meets the stringent criterion if this difference is smaller than or equal 

too ten percent. Therefore, a Type 1 error rate meets the liberal or the strin

gentt criterion for a nominal level of five percent, when it falls in the interval 

[.025,, .075] or [.045, .055], respectively. 

5.2.55 Mean squared error  and bias 

Too assess the performance of the MH odds-ratio estimator the mean squared 

errorr (MSE) and the bias were used. The MSE is 

MSEE - E[0MH - (3MH)2}. (5.23) 

Thee MSE is a measure for the precision of the estimator in estimating the 

populationn value. 

Thee bias in $MH as an estimator of (3MH is 

bgbgMHMH=E0=E0AIHAIH}-p}-pMHMH.. (5.24) 

Ann estimator with zero bias is said to be unbiased and this means for the 

MHH odds-ratio estimator that its expected value is equal to the MH odds-

ratioo parameter, that is E0MH]  = (3MH. 
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5.33 Results 

5.3.11 Robustness 

Forr the different levels of each factor, the marginal mean Type 1 error 

ratess for the no-DTF items per discrimination level and per DIF effect-size 

Tablee 5.4: Mean Type 1 error rates for the 80% no-DIF items 
a a 

SSRR 1 0.5 
1.0 0 
1.5 5 

22 0.5 
1.0 0 
1.5 5 

TSSS 300 0.5 
1.0 0 
1.5 5 

6000 0.5 
1.0 0 
1.5 5 

12000 0.5 
1.0 0 
1.5 5 

TLL 15 0.5 
1.0 0 
1.5 5 

300 0.5 
1.0 0 
1.5 5 

600 0.5 
1.0 0 
1.5 5 

MLADD 0 0.5 
1.0 0 
1.5 5 

11 0.5 
1.0 0 
1.5 5 

(i(iMliMli  = 1.25 3A,H = 1.50 0MH = 2.00 
0.0577 * 0.071 * 0.101 ** 
0.0400 * 0.057 * 0.098 ** 
0.0411 * 0.053 0.104 ** 
0.0544 0.065 * 0.097 ** 
0.0399 * 0.053 0.090 ** 
0.0400 * 0.052 0.091 ** 
0.0400 * 0.044 * 0.056 * 
0.0322 * 0.039 * 0.051 
0.0300 * 0.035 * 0.049 
0.0522 0.063 * 0.087 ** 
0.0399 * 0.052 0.085 ** 
0.0411 * 0.050 0.086 ** 
0.0744 * 0.097 ** 0.154 ** 
0.0488 0.074 * 0.146 ** 
0.0511 0.073 * 0.157 ** 
0.0722 * 0.089 ** 0.132 ** 
0.0388 * 0.054 0.094 ** 
0.0455 0.051 0.086 ** 
0.0500 0.062 * 0.091 ** 
0.0400 * 0.056 * 0.094 ** 
0.0399 * 0.052 0.099 ** 
0.0444 * 0.053 0.074 * 
0.0411 * 0.055 0.093 ** 
0.0377 * 0.056 * 0.108 ** 
0.0422 * 0.049 0.073 * 
0.0433 * 0.062 * 0.109 ** 
0.0444 * 0.068 * 0.134 ** 
0.0699 * 0.087 ** 0.125 ** 
0.0377 * 0.048 0.079 ** 
0.0377 * 0.038 * 0.061 * 

Note.. *: Type 1 error rate only meets the liberal criterion. 
**:: Type 1 error rate does not meet any of the two criteria. 

levell are presented in Table 5.4. The results in this table come from the 

hypothesiss testing analyses of the no-DIF items and with the total sum 

scoree as matching variable for which 20% of the items were DIF items. The 

amountt of DIF for each of the DIF items included in the matching criterion 

iss denoted by the value of j3MH above each column in the table. 

Thee results showed that the mean Type 1 error rate increased with the 

totall sample size and with the DIF effect-size present for the 20% uniform 
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DIFF items in the matching variable. For the unequal mean latent ability 

(MLADD = 1) conditions, the mean Type 1 error rates were overall higher 

thann for the equal mean latent ability (MLAD = 0) conditions at the lowest 

itemm discrimination level. The opposite held for the medium and the highest 

itemm discrimination levels. The mean Type 1 error rates in the equal sample 

sizess (SSR = 1) conditions were slightly higher than those in the unequal 

samplee sizes (SSR — 2) conditions. TL did not seem to have a clear main 

effectt on the mean Type 1 error rate. The same can be said about item 

discrimination,, but there was a tendency of the mean Type 1 error rate to 

bee overall higher at the lowest item discrimination level than at the other 

twoo discrimination levels. 

Inn Table 5.5, the number of times none of the two robustness criteria, 

thee number of times only the liberal robustness criterion and the number 

off times the stringent robustness criterion was met for each of the three 

itemm discrimination levels are given. Of all 108 Type 1 error rates at the 

Tablee 5.5: The number of times just one robustness criterion is met 

a a 

0.5 5 
1.0 0 
1.5 5 

robustness s 
none e 
32 2 
25 5 
24 4 
81 1 

liberal l 
50 0 
57 7 
70 0 

177 7 

criterion n 
stringent t 

26 6 
26 6 
14 4 

66 6 

lowestt item discrimination level (a = 0.5), 76 Type 1 error rates satisfied 

att least the liberal robustness criterion. Of these 76 Type 1 error rates, 

266 also satisfied the stringent robustness criterion. At the medium item 

discriminationn level (a = 1.0), 83 Type 1 error rates satisfied at least the 

liberall robustness criterion. Of these 83 Type 1 error rates also 26 satisfied 

thee stringent robustness criterion. At the highest item discrimination level 

(a(a = 1.5), 84 Type 1 error rates of the total of 108 satisfied at least the 

liberall robustness criterion. Of these Type 1 error rates 14 also satisfied the 

stringentt robustness criterion. So the number of Type 1 error rates that 

att least met the liberal robustness criterion increased somewhat with item 

discrimination. . 

Inn Table 5.6, the average of the MH odds-ratio estimates, the average 
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off the MSEs and the average of the bias are presented for each level of the 

differentt factors. The average MSE in the unequal sample sizes (SSR = 

T a b l ee 5.6: MH odds-ratio estimates for the 80% no-DIF items with i3MH = 1 

a a 

SSRR 1 0.5 
1.0 0 
1.5 5 

22 0.5 
1.0 0 
1.5 5 

TSSS 300 0.5 
1.0 0 
1.5 5 

6000 0.5 
1.0 0 
1.5 5 

12000 0.5 
1.0 0 
1.5 5 

TLL 15 0.5 
1.0 0 
1.5 5 

300 0.5 
1.0 0 
1.5 5 

600 0.5 
1.0 0 
1.5 5 

MLADD 0 0.5 
1.0 0 
1.5 5 

11 0.5 
1.0 0 
1.5 5 

3"3"HH = 1.25 

3*3* IHIH MSE b~3,1H 

0.955 0.06 -0.05 
1.000 0.12 O.OO 
1.077 0.35 0.07 
0.966 0.07 -0.04 
1.000 0.16 O.OO 
1.077 0.41 0.07 
0.988 0.11 -0.02 
1.044 0.29 0.04 
1.155 0.90 0.15 
0.966 0.05 -0.04 
0.999 0.09 -0.01 
1.044 0.18 0.04 
0.944 0.03 -0.06 
0.977 0.04 -0.03 
1.011 0.07 0.01 
0.933 0.06 -0.07 
1.000 0.12 O.OO 
1.111 0.43 0.11 
0.966 0.06 -0.04 
1.000 0.11 O.OO 
1.055 0.32 0.05 
0.988 0.07 -0.02 
1.000 0.18 O.OO 
1.044 0.40 0.04 
0.999 0.06 -0.01 
0.988 0.10 -0.02 
0.988 0.18 -0.02 
0.922 0.07 -0.08 
1.022 0.18 0.02 
1.166 0.59 0.16 

33MHMH = 1.50 

33MHMH MSE bjMH 

0.933 0.06 -0 .07 
0.944 0.11 -0 .06 
0.999 0.29 -0 .01 
0.933 0.06 -0 .07 
0.955 0.13 -0 .05 
0.999 0.36 -0 .01 
0.955 0.11 -0 .05 
0.988 0.23 -0 .02 
1.066 0.75 0.06 
0.933 0.05 -0 .07 
0.944 0.08 -0 .06 
0.977 0.16 -0 .03 
0.922 0.03 -0 .08 
0.922 0.04 -0 .08 
0.933 0.07 -0 .07 
0.911 0.07 -0 .09 
0.955 0.11 -0 .05 
1.033 0.38 0.03 
0.933 0.06 -0 .07 
0.955 0.11 -0 .05 
0.977 0.26 -0 .03 
0.955 0.06 -0 .05 
0.955 0.13 -0 .05 
0.966 0.32 -0 .04 
0.977 0.05 -0 .03 
0.933 0.09 -0 .07 
0.911 0.16 -0 .09 
0.900 0.07 -0 .10 
0.966 0.14 -0 .04 
1.077 0.49 0.07 

33AIHAIH - 2 . 0 0 

33MHMH MSE b M̂H 

0.899 0.06 -0.11 
0.877 0.10 -0 .13 
0.888 0.23 -0.12 
0.899 0.07 -0 .11 
0.888 0.12 -0.12 
0.900 0.28 -0 .10 
0.911 0.11 -0.09 
0.911 0.20 -0.09 
0.955 0.54 -0 .05 
0.899 0.06 -0 .11 
0.866 0.09 -0.14 
0.877 0.15 -0 .13 
0.877 0.04 -0 .13 
0.855 0.05 -0 .15 
0.844 0.08 -0.16 
0.866 0.07 -0.14 
0.888 0.11 -0.12 
0.933 0.26 -0 .07 
0.899 0.07 -0.11 
0.877 0.11 -0 .13 
0.888 0.25 -0.12 
0.911 0.06 -0.09 
0.877 0.12 -0 .13 
0.866 0.27 -0.14 
0.922 0.06 -0 .08 
0.866 0.10 -0.14 
0.822 0.16 -0 .18 
0.855 0.08 -0.15 
0.899 0.13 -0.11 
0.966 0.36 -0 .04 

2)) conditions was at least as high as the average in the equal sample sizes 

(SSRR = 1) conditions. The average of the bias in the equal sample sizes 

conditionss did not differ substantially from those in the unequal sample 

sizess conditions. In general, the average of the MSE decreased with total 

samplee size (TSS). In most of the conditions the bias was negative and 

hadd a slightly greater negative magnitude with an increase of the total 

samplee size (TSS). There was no strong main effect of test length (TL) 

onn the average of the MSE and on the average of the bias. In the equal 

meann latent ability (MLAD = 0) conditions the average MSE was lower 

thann in the unequal mean latent ability (MLAD = 1) conditions. For the 
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lowestt item discrimination level (a = 0.5) the average bias in the unequal 

meann latent ability (MLAD = 1) conditions was larger negative than in 

thee equal latent ability conditions. The opposite result was found for the 

mediumm and the highest item discrimination levels. Overall, the average 

MSEE increased with an increase of item discrimination. In general the bias 

wass negative except for some conditions with the highest discrimination 

level.. The average MSE decreased with the DIF effect-size present for the 

20%% DIF items included in the matching variable, but the absolute value 

off the average bias increased with the DIF effect-size. 

5.3.22 Power 

Thee mean detection rates at each level of the factors are shown in Table 

5.7.. Overall, the mean detection rates were higher in the equal sample sizes 

Tablee 5.7: Mean Detection rates for the 20% uniform DIF items 
a a 

SSRR 1 0.5 
1.0 0 
1.5 5 

22 0.5 
1.0 0 
1.5 5 

TSSS 300 0.5 
1.0 0 
1.5 5 

6000 0.5 
1.0 0 
1.5 5 

12000 0.5 
1.0 0 
1.5 5 

TLL 15 0.5 
1.0 0 
1.5 5 

300 0.5 
1.0 0 
1.5 5 

600 0.5 
1.0 0 
1.5 5 

MLADD 0 0.5 
1.0 0 
1.5 5 

11 0.5 
1.0 0 
1.5 5 

00MHMH = 1.25 0MH = 1.50 0MH = 2.00 
0.1355 0.397 0.759 
0.1199 0.299 0.609 
0.1144 0.205 0.413 
0.1299 0.374 0.719 
0.1066 0.262 0.572 
0.0988 0.186 0.385 
0.0699 0.181 0.462 
0.0611 0.132 0.299 
0.0544 0.089 0.173 
0.1166 0.355 0.786 
0.1022 0.239 0.585 
0.0966 0.164 0.365 
0.2100 0.621 0.970 
0.1744 0.470 0.887 
0.1677 0.333 0.659 
0.1211 0.366 0.730 
0.1222 0.303 0.623 
0.1499 0.249 0.470 
0.1399 0.390 0.743 
0.1088 0.284 0.588 
0.0966 0.188 0.390 
0.1366 0.401 0.745 
0.1077 0.255 0.561 
0.0733 0.149 0.335 
0.1788 0.478 0.813 
0.1099 0.287 0.609 
0.0722 0.145 0.346 
0.0866 0.293 0.666 
0.1166 0.274 0.572 
0.1400 0.246 0.451 
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(SSRR = 1) conditions than in the unequal sample sizes (SSR = 2) condi

tions.. The mean detection rate increased with total sample size and with 

ann increase of the DIF effect-size present for the 209c DIF items included 

inn the matching variable. There was an effect of the interaction between 

itemm discrimination and test length on detection rate. The mean detec

tionn rate for weakly discriminating uniform DIF items increased with test 

lengthh and the mean detection rate for moderately to strongly discrimi

nat ingg uniform DIF items decreased with test length. There was also an 

effectt of the interaction between item discrimination (ID) and mean latent 

abilityy differences (MLAD) on the detection rate. In the equal mean latent 

abilityy (MLAD = 0) conditions and at the lowest item discrimination level 

(a(a = Ü.5) all mean detection rates were higher than in the unequal mean 

abilityy conditions and at the same item discrimination level. At the highest 

i temm discrimination level (a = 1.5) almost all mean detection rates in the 

unequall mean ability conditions were higher than in the equal mean ability 

conditions.. In general, the mean detection rate decreased with an increase 

off i tem discrimination. 

Inn Table 5.8. the average of the MH odds-ratio estimate, the average of 

thee MSE and the average of the bias are given at each level of the factors. 

Overall,, the average MSE was higher in the unequal sample sizes (SSR = 2) 

conditionss than in the equal sample sizes (SSR = 1) conditions. The average 

biass was a little smaller negative in the unequal sample sizes conditions than 

inn the equal sample sizes conditions. The average MSE decreased with total 

samplee size (TSS), whereas the average bias became larger negative with an 

increasee of the total sample size. Test length (TL) did not affect the average 

MSE.. There was an effect of the interaction between test length and item 

discriminationn (a) on the average bias. At the lowest item discrimination 

levell (a = 0.5) the average bias became smaller negative with increasing test 

length.. At the medium and highest item discrimination levels the average 

biass became larger negative with an increase of test length. In general, the 

averagee MSE was higher in the unequal mean latent ability (MLAD = 1) 

conditionss than in the equal mean latent ability (MLAD = 0) conditions. 

Att the medium and highest item discrimination levels the average bias was 

smallerr negative in the unequal mean latent ability conditions than in the 



5.45.4 Discussion 105 

Tablee 5.8: MH odds-ratio estimates for the 20% uniform DIF items 

a a 

SSRR 1 0.5 
1.0 0 
1.5 5 

22 0.5 
1.0 0 
1.5 5 

TSSS 300 0.5 
1.0 0 
1.5 5 

6000 0.5 
1.0 0 
1.5 5 

12000 0.5 
1.0 0 
1.5 5 

TLL 15 0.5 
1.0 0 
1.5 5 

300 0.5 
1.0 0 
1.5 5 

600 0.5 
1.0 0 
1.5 5 

MLADD 0 0.5 
1.0 0 
1.5 5 

11 0.5 
1.0 0 
1.5 5 

33MHMH = 1.25 

$$MHMH MSE b&MH 

1.200 0.08 -0 .05 
1.233 0.10 -0 .02 
1.266 0.14 0.01 
1.211 0.09 -0 .04 
1.233 0.12 -0 .02 
1.244 0.16 -0 .01 
1.233 0.15 -0 .02 
1.266 0.19 0.01 
1.299 0.27 0.04 
1.200 0.06 -0 .05 
1.222 0.09 -0 .03 
1.244 0.12 -0 .01 
1.199 0.04 -0 .06 
1.200 0.04 -0 .05 
1.222 0.06 -0 .03 
1.188 0.08 -0 .07 
1.255 0.11 0.00 
1.311 0.17 0.06 
1.211 0.08 -0 .04 
1.222 0.10 -0 .03 
1.233 0.13 -0 .02 
1.222 0.09 -0 .03 
1.222 0.12 -0 .03 
1.211 0.15 -0 .04 
1.255 0.07 0.00 
1.222 0.10 -0 .03 
1.199 0.12 -0 .06 
1.177 0.09 -0 .08 
1.255 0.12 0.00 
1.311 0.17 0.06 

00MHMH = 1.50 

ppMHMH MSE bBMH 

1.422 0.11 -0 .08 
1.411 0.14 -0 .09 
1.377 0.18 -0 .13 
1.433 0.12 -0 .07 
1.411 0.16 -0 .09 
1.388 0.22 -0 .12 
1.466 0.20 -0 .04 
1.444 0.26 -0 .06 
1.433 0.34 -0 .07 
1.422 0.09 -0 .08 
1.400 0.12 -0 .10 
1.366 0.16 -0 .14 
1.400 0.05 -0 .10 
1.388 0.06 -0 .12 
1.355 0.09 -0 .15 
1.411 0.12 -0 .09 
1.444 0.15 -0 .06 
1.444 0.22 -0 .06 
1.433 0.11 -0 .07 
1.400 0.14 -0 .10 
1.366 0.18 -0 .14 
1.455 0.12 -0 .05 
1.399 0.15 -0 .11 
1.333 0.19 -0 .17 
1.488 0.11 -0 .02 
1.399 0.13 -0 .11 
1.311 0.18 -0 .19 
1.388 0.13 -0 .12 
1.422 0.16 -0 .08 
1.455 0.22 -0 .05 

gMHgMH = 2 0Q 

$$MHMH MSE b$MH 

1.844 0.21 -0 .16 
1.744 0.27 -0 .26 
1.611 0.39 -0 .39 
1.844 0.23 -0 .16 
1.755 0.30 -0 .25 
1.633 0.40 -0 .37 
1.888 0.36 -0 .12 
1.799 0.46 -0 .21 
1.666 0.57 -0 .34 
1.833 0.18 -0 .17 
1.733 0.24 -0 .27 
1.622 0.35 -0 .38 
1.800 0.11 -0 .20 
1.711 0.16 -0 .29 
1.599 0.27 -0 .41 
1.833 0.22 -0 .17 
1.799 0.27 -0 .21 
1.711 0.37 -0 .29 
1.844 0.21 -0 .16 
1.733 0.28 -0 .27 
1.611 0.39 -0 .39 
1.855 0.22 -0 .15 
1.711 0.31 -0 .29 
1.555 0.43 -0 .45 
1.911 0.19 -0 .09 
1.722 0.27 -0 .28 
1.522 0.42 -0 .48 
1.766 0.24 -0 .24 
1.777 0.30 -0 .23 
1.733 0.38 -0 .27 

equall mean latent ability conditions. At the lowest item discrimination 

levell the opposite result was found. In general, the average MSE increased 

withh item discrimination and with the DIF effect-size. The average bias 

wass overall negative and became larger negative with an increase of the 

DIFF effect-size. 

5.44 Discussion 

Itt was shown that for a uniform DIF item under the one-parameter logistic 

model,, Raju's SA is directly proportional to the latent odds-ratio, whereas 

underr the two-parameter logistic model the SA is not proportional to the 

latentt odds-ratio. Under the latter model the SA also depends on the value 
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off the common discrimination parameter, which must be equal for the two 

groupss under uniform DIF. These results imply that for the simulation of 

uniformm DIF and the manipulation of the DIF effect-size under the two-

parameterr logistic model either Raju's SA or the latent odds-ratio can be 

used,, but they lead to different conclusions regarding the effect of item 

discrimination.. It was shown analytically that the SA decreases with an 

increasee of item discrimination for a fixed value of the latent odds-ratio, and 

thatt the latent odds-ratio increases with an increase of item discrimination 

forr a fixed value of the SA. Furthermore, it was shown that when in a 

simulationn study the amount of uniform DIF is manipulated by means of 

thee SA without accounting for item discrimination, the order of the SA 

DIFF effect-sizes can be the reverse of the order of the DIF effect-sizes in 

termss of the MH odds-ratio parameter. 

Regardingg the effect of item discrimination, the results of the present 

simulationn study lead to other conclusions than the results of most previous 

simulationn studies (Mazor, Clauser & Hambleton, 1992; Uttaro & Millsap, 

1994;; Narayanan & Swaminathan, 1994). From the results of the present 

studyy it can be concluded that strongly discriminating uniform DIF items 

aree less likely to be detected by the MH procedure than weakly discriminat

ingg uniform DIF items with the same DIF effect-size in terms of the latent 

odds-ratio.. This can be explained partly by the fact that a weakly dis

criminatingg uniform DIF item is associated to a larger SA than a strongly 

discriminatingg uniform DIF item with the same MH odds-ratio parameter 

value.. Because of inflation, the Type 1 error rates at the lowest item dis

criminationn level satisfy the liberal robustness criterion less frequently than 

thee Type 1 error rates at the highest item discrimination level. This effect 

iss however too small to explain the higher detection rates at the lower item 

discriminationn level. Furthermore, the precision of the MH odds-ratio es

timatorr decreases with increasing item discrimination and, in general, the 

MHH odds-ratio estimator underestimates the population MH odds-ratio pa

rameter,, both for DIF items and no-DIF items. 

Inn the simulation study two of the conditions necessary for the MH 

nulll hypothesis to be equal to the IRT null hypothesis of no DIF were 

violated.. First, the data did not follow the one-parameter logistic model, 
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butt were generated under the two-parameter logistic model in order to 

investigatee the effect of item discrimination on the Type 1 error rate, on 

thee detection rate of the MH test statistic, and on the MSE and bias of 

thee MH odds-ratio estimator. Second, the matching criterion included 20% 

DIFF items. The results of the present study were consistent with the results 

off previous simulation studies, in which these violations caused an inflation 

off the overall Type 1 error rate. However, in approximately 75% of all 

conditionss the Type 1 error met at least the liberal robustness criterion. 
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modelss and the Mantel-Haenszel 

nulll hypothesis 

Abs t rac t t 

Underr a more general model for dichotomous item scores than the one-

parameterr logistic Rasch model, it is shown that methods based on an 

observedd conditional invariance model in general and the Mantel-Haensel 

proceduree in particular can be diagnostic of measurement invariance or 

differentiall item functioning. The assumptions of nondecreasing item 

responsee functions, local independence of the item scores conditional on 

aa unidimensional latent trait, and the additional assumption of constant 

latentt odds-ratios between all pairs of items are the fundamental as

sumptionss of this general model. Three parametric special cases of this 

generall model are shown to be generalizations of the Rasch model. For 

thee general model and each of its parametric special cases, the total score 

iss shown to be a sufficient statistic for the latent trait. Under the general 

model,, the manifest odds-ratios used in the Mantel-Haenszel procedure 

aree derived. The derivations of the manifest Mantel-Haenszel odds-ratios 

aree used in discussing specific hypothetical situations that can arise in a 

practicall DIF investigation by means of the Mantel-Haenszel procedure. 

Speciall attention is given to a so-called worst case scenario in which the 

Mantel-Haenszell null hypothesis is satisfied while all items are DIF items 

systematicallyy in favor of one of two groups under study. 

6.11 Introduction 

Inn the construction process of a psychological or educational test, it is im

portantt to test items for Differential Item Functioning (DIF) . DIF is a 
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threatt to the validity of a test. It refers to different item response behavior 

off equal-ability examinees from different demographic or biographic groups. 

Itemss must be tested for DIF in order to prevent the measurement of unin

tendedd factors or variables and to guarantee fair testing of examinees from 

differentt groups. 

Fundamentall to Item Response Theory (IRT) models for dichotomous 

itemm scores is the Item Response Function (IRF). It relates the probability 

off a correct item score to a latent trait that is assumed to underlie perfor

mancee on the test. Under IRT models for dichotomous item scores, DIF is 

definedd to exist for a particular item when its IRFs in at least two groups 

off examinees are unequal. In statistical methods for the detection of DIF, 

thiss DIF definition is the alternative hypothesis against which the IRT null 

hypothesiss of measurement invariance, which in the dichotomous case is 

equivalentt to the hypothesis of equal IRFs, should be tested. 

Millsapp and Everson (1993) discussed a wide range of DIF detection 

methods.. In their overview, they made a distinction between methods that 

aree based on an Unobserved Conditional Invariance (UCI) model and meth

odss that are based on an Observed Conditional Invariance (OCI) model. 

Underr IRT models for dichotomous item scores, UCI for one item with 

respectt to group membership is equivalent to the condition of equal IRFs 

inn different subpopulations. UCI methods for the detection of DIF nearly 

alwayss operate within parametric IRT measurement models. In these meth

ods,, item parameters are estimated and compared between groups. A gen

erall problem with UCI methods is that of selecting the correct measurement 

modell for the IRFs. Therefore, tests of UCI can be confounded with tests 

off fit and, moreover, they require large sample sizes. In case of dichotomous 

itemm scores, OCI for one item with respect to group membership is equiv

alentt to the condition in which the probabilities of a correct item score are 

equall in subpopulations at all levels of an observed matching variable used 

ass a proxy for the latent trait. An advantage of OCI methods over UCI 

methodss for the detection of DIF, is that they are easy to implement and 

cann be used in samples of moderate size. A problem with OCI methods 

concernss the adequacy of the observed matching variable as a proxy for 

thee latent trait. A central implication of the work of Meredith and Millsap 
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(1992a,, 1992b) is that OCI procedures that rely exclusively on an observed 

matchingg variable are not generally diagnostic of DIF. However, in their 

theoreticall work they showed that the observed matching variable is ade

quatee as a proxy for the latent trait when it is a sufficient statistic for the 

latentt trait. 

Fromm a result of Lord and Novick (1968, p. 429) for the logistic test 

model,, it follows that if dichotomous data follow the one-parameter logistic 

modell (Rasch, 1960), then the total score (the unweighted sum of the item 

scores)) is a sufficient statistic for the latent trait. In addition, Fischer 

(1974,, p. 196) showed that if the limit of the probability of a correct score 

iss zero when the latent trait value goes to minus infinity and the limit is one 

whenn the latent trait goes to plus infinity, then the one-parameter logistic 

Raschh model is the only possible model under which the total score has 

thiss sufficiency property. In the present chapter, it is shown that there 

existt other IRT models than the Rasch model under which the total score 

iss a sufficient statistic for the latent trait when these limit assumptions are 

relaxed.. In order to show that there exist other models with the sufficiency 

property,, it is convenient to focus on the positions of the IRFs relative 

too one another or on the interrelationships between the IRFs, instead of 

focusingg on the shape and/or the location of the IRF of each separate 

item.. A useful aid to the comparison of two IRFs is the latent odds-ratio 

forr two items (Rosenbaum, 1987). The latent odds-ratio is the ratio of 

thee odds of a correct item score between two items as a function of the 

latentt trait. If it is assumed that the latent odds-ratio for each item-pair 

iss constant and all IRFs are nondecreasing functions of the latent trait 

withoutt the previously mentioned limit restrictions, then a more general 

measurementt model than Rasch's one-parameter logistic model is obtained, 

whichh is called the Constant Latent Odds-Ratios (CLORs) model. 

Onee of the standard OCI procedures for the detection of DIF in di

chotomouss item scores is the Mantel-Haenszel (MH) procedure (Mantel & 

Haenszel,, 1959; Holland & Thayer, 1988). In the MH procedure, a chi-

squaree test statistic with one degree of freedom is used to test the hypoth

esiss whether the odds of giving a correct response to a so-called "studied 

item'' are equal in two different groups at each level of a selected matching 
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criterion.. It is important to keep in mind that this MH null hypothesis is 

nott equivalent to the IRT hypothesis of equal IRFs in general, because in 

thee MH procedure examinees are matched on an observed criterion, instead 

off the latent trait. However. Holland and Thayer (1988) showed that this 

MHH null hypothesis is equal to the IRT null hypothesis of no DIF under the 

followingg conditions: (1) the data follow the one-parameter logistic Rasch 

model,, (2) the criterion for matching includes the studied item, (3) none 

off the items in the criterion for matching, except for possibly the studied 

item,, is a DIF item, and (4) the data of the two groups are random sam

pless from the corresponding populations. Under the CLORs model, the 

manifestt odds-ratios used in the MH procedure are derived in which the 

CLORss of item-pairs are included. The manifest odds-ratios used in the 

MHH procedure written in terms of CLORs show under which circumstances 

thee MH null hypothesis is met and under which circumstances it is equal 

too the IRT null hypothesis of no DIF. The manifest odds-ratios in terms 

off CLORs also shed light on conditions under which DIF is present for the 

studiedd item and the MH null hypothesis of equal group-odds at all levels 

off the matching variable is satisfied. 

First,, in the next section, the model with CLORs for all item-pairs is 

discussed.. It is proved that under this model the total score is a sufficient 

statisticc for the latent trait. In addition, three parametric IRT models 

aree discussed, which are special cases of the general CLORs model, but 

nott equal to the Rasch model. In the section that follows, the manifest 

odds-ratioss used in the MH procedure are derived in terms of CLORs. 

Underr the CLORs model, it is discussed how the MH null hypothesis is 

relatedd to the IRT null hypothesis of no DIF. This section is followed by an 

examplee in which it is shown that the MH null hypothesis can be satisfied 

whenn DIF is present for all items. Furthermore, it is discussed what the 

consequencess can be in practice when there are no true ability distribution 

differencess between the two groups under study while all items are DIF 

itemss systematically in favor of one of the two groups. 
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6.22 Models with CLORs 

6.2.11 Model assumptions 

Thee general model that is discussed, is a model for dichotomous items that 

aree assumed to measure the same unidimensional latent trait. Let T be a 

testt consisting of K dichotomous items. The item score variable of item i 

iss denoted by Xt and 

{ 1,, if the response to item i is correct or positive 

0,, if the response to item i is incorrect or negative, 

forr i = 1 , . . . ,K. The vector of item score variables is denoted by X — 

{X\,...{X\,... ,XK)- The vector of item score realizations is denoted by x = 

(#1 , . . .. ,XK). Let P (X = x) denote the joint probability function of re

sponsee pattern x in population C if tested by test X. By letting x range 

overr its 2K possible values, the set {P(X = x)} is formed, that constitutes 

thee manifest probabilities for the test T in population C. Then 

P(XX = x ) > 0 and ^ P ( X = x) = l. 
X X 

Unidimensionall IRT models specify a functional form for the manifest prob

abilitiess by assuming that there is a unidimensional latent trait or ability 

99 and that P (X = x) has the representation: 

K K 

P(XP(X = x) = / HPiiOr'QiW^dFie), (6.2) 
JJ i=l 

wheree Pi{0) is the IRF for item z, Ql{6) = 1 - ^ ( 0 ) , and F{0) is the cumu

lativee distribution function of the latent trait 6 over the population C. The 

structuree in Equation 6.2 includes the assumption of Local Independence 

(LI),, defined as 

K K 

P(XP(X = x | 6) = YlPl(0)^Ql(e)1-^. (6.3) 
t = i i 

LII means that conditional on the latent trait the distributions of the item 

scoress are all independent of each other (Lord & Novick, 1968, p. 362). 
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Thee structure in Equation 6.2 with the assumption of LI does not place 

anyy testable restrictions on the observable data and is therefore only a 

representationn rather than a measurement model (Rosenbaum, 1987). An 

additionall minimal assumption imposed on the IRF that yields an ordinal 

measurementt model from which testable restrictions on the observable data 

follow,, is the assumption of monotonicity (Mokken, 1971; Mokken & Lewis, 

1982);; that is, for two arbitrarily chosen fixed values 9a and 6b, 

Pi(OPi(Oaa)) < Pi(0b), whenever 6a < 06, (6.4) 

forr all i = 1,...,K. Furthermore, it is assumed that the probability of 

givingg a correct response to each item conditional on the latent trait is 

neverr equal to zero or one; that is, 0 < Pl(6) < 1 for all i. At this point, it 

iss stressed that under the general model to be discussed in the first place 

nonee of the IRFs is restricted to the assumptions 

limm Pi(0) = 0 and lim P*(0) = 1, 
0^>0^> — OC 9—H5C 

whichh hold for each IRF under the one-parameter logistic Rasch model. So 

underr the general model, each IRF is allowed to have a lower asymptote 

greaterr than zero and an upper asymptote smaller than one. 

Iff the IRF of an item is a nondecreasing function of the latent trait, then 

soo is its latent odds function, defined as Vt{6) = Q\1 . Here, IRT models 

aree considered in which the ratio of the latent odds functions of each of the 

( 2 )) possible combinations of two items i and j , is a constant function of 

thee latent trait; that is, 

^ # )) = T77ZV = Qü> f o r a11 ^3- (6-5) 

Iff there are K items, then there are K2 constant latent odds-ratios. There 

iss however much redundancy of information in the total set of K2 constant 

latentt odds-ratios. Only K — 1 constant latent odds-ratios are needed to 

describee the relationships between all IRFs. First, note that there are K 

constantt latent odds-ratios, an = 1 (i = 1 , . . . ,K) , that are irrelevant. 

Thee remaining K(K — 1) constant latent odds-ratios contain ( 2 ) double 

counts,, because for all i ^ j , we have al3 = —. The ( 2 ) constant latent 
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odds-ratioss left are not independent of one another. Each constant latent 

odds-ratioo can be obtained by two other constant latent odds-ratios, for 

example,, 0:13 = 012023• This set of dependent constant latent odds-ratios 

cann be reduced to a minimal set of (^) - ( ^ 1 ) = K — I constant latent 

odds-ratioss containing all information. One way to obtain such a set is to 

expresss the latent odds function of each item i (^ j) in terms of the latent 

oddss function of an arbitrary selected, fixed reference item j ; that is, 

VVii(B)=a(B)=aijij VVjj(e)(e)11 for al i i ^ j , (6.6) 

whichh will be used in the following sections. Rewriting this equation in 

termss of the IRFs, yields (Rosenbaum, 1987) 

PiV)=,+PiV)=,+ ((
QijPj{QijPj{ !L!L (/i(/iVV fcralH^, (6-7) 

11 + (aij - l)Pj{6) 
whichh will also be used in a later section. 

6.2.22 Sufficiency of th e total score for  the latent trai t 

Inn this subsection, it is proved that under the general IRT model with 

CLORss for all item-pairs, the total score is a sufficient statistic for the 

latentt trait. The total score is the unweighted sum of the item scores, and 

iss defined as X+ — JZiLi ^ ' - With the inclusion of the total score, the 

generall mathematical model of a test in which all item scores depend on 

onlyy one latent trait can be rewritten as (Lord & Novick, 1968, p. 428) 

PP{{xx = x\x+ = x+,e) = f£zx
xl%y (6-8) 

Iff the total score X+ is a sufficient statistic for the latent trait #, then the 

right-handd side of this equation must be equal to P (X = x | X+ = x+), 

whichh does not depend on 9. The probability function conditional on 6 

underr the test model for dichotomous item scores can be written as 

KK K 

P(XP(X = x I 9) = l[Qi(9) I ] Vi(6)Xi. (6.9) 
i = ll  i = l 

Underr a test model with CLORs between all item-pairs, for all i  ̂ j , 

Vi{9)Vi{9) is substituted by ctijVj(9) (Equation 6.6), which yields the following 
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expressionn for the conditional probability function: 

KK K 

KK K K 

i=li=l  i^j i=1 

KK K 

==  Vj(or-i[Qmll^j-  (6-io) 
i=ll i^j 

Forr the set Rx+ of all response patterns for which X+ — x+; that is, 

RRx+x+ = {x; Yli=i  xi  = x+}->  it follows that 

KK K 

p(x+p(x+ = x+\o) = v^er* f] QiW) E Haïr (6-n: 
i=ll ü x + z^j' 

Substitutingg both Equation 6.10 and 6.11 into Equation 6.8 yields 

P (XX = x | X+ =  x+,d) = ^ l¥lK
tJ

 T , , (6.12) 
nj \\ X, 

whichh is independent of 9 and equal to P (X = x | X+ = x+). Therefore, 

underr the general CLORs model the total score X+ is a sufficient statistic 

forr 9. 

6.2.33 Parametric special cases of the CLOR s model 

Underr the assumptions of increasing IRFs, LI of the item scores and 

l im^ - aoo Pt{9) = 0 and l i m ^ ^ ƒ>(#) = 1 for all i, Fischer (1974, p. 196) 

showedd that the one-parameter logistic Rasch model is the only possible 

modell for which X+ is a sufficient statistic for 9. In this subsection, a new 

classs of parametric CLORs models is introduced for which X+ is also a 

sufficientt statistic for 9. The new class of models is shown to be a special 

classs of models within the class of IRT models defined by the four-parameter 

logisticc IRF (McDonald, 1967), which is given by 

P(X,P(X, = l\0) = Pm= %l% • (6.13) 
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wheree bi is the location parameter of item i, i = 1 , . . . . K, and a\ is the 

slopee or scale parameter of item i1 i = 1,.... K: which must satisfy ai > 0, 

forr all i. The item parameters Q and gi must satisfy the restrictions 0 < 

CiCi < gt < 1, for all i, and then C{ = l i m ^ . ^ Pz(#) is the lower asymptote 

off item i, i = 1 , . . . , K, and gi — l i m ^ ^ Pi(0) is the upper asymptote of 

itemm i, i = 1 , . . . , K. 

Thee four-parameter logistic model in itself has received little attention 

inn the psychometric literature, and seems to be of less practical value than 

itss following three special cases: (1) the three-parameter logistic model 

wheree gi — 1, for all i (Birnbaum, 1968); (2) the two-parameter logistic 

modell where gi = 1 and Q = 0, for all i (Birnbaum, 1968); and (3) the 

one-parameterr logistic model where gi = 1, ct = 0, and â  = a, for all i 

(Rasch,, 1960). Under the latter model it is common practice to set a — 1. 

Now,, it can be shown that if a reference item j has a four-parameter 

logisticc IRF, for which the restrictions 0 < cj < gj < 1 hold, and that if the 

IRFss of all other items i / j are obtained from it by means of Equation 6.7, 

thatt this already defines a parametric IRT model for which all pairs of IRFs 

havee CLORs, and that this parametric model is not equivalent to the one-

parameterr logistic Rasch model. However, the new parametric IRT model 

introducedd in this chapter, or actually, the new class of parametric IRT 

models,, is defined by the IRF 

«« = ii-^, +e»r  foralH (ai4) 

wheree bi is again the location parameter of item i, i = l , . . . , i \ \ The two 

parameterss 6 and 7 are common to all items, and hence, do not have an 

itemm index. These parameters belong to the entire set of K items or to the 

totall test T, and will be explained below. Now, rewriting the IRF as 

(l-ie(l-iebbi)Si)S b. ( l - 7e bQ Q 

Pi(0)Pi(0) = ——, a , for all z, (6.15) 
e°e°ii + eu 

showss that the model is also a special case of the four-parameter logistic 

modell (Equation 6.13) with the additional restrictions that a{ = a = 1, 

CiCi =  (1Zle\J>i , anc* &  = tt-Si) ' ^or a ^ *• From the restrictions that 
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OO < et < gt < 1. for all i. it follows that 0 < ö < ebj and 0 < 7 < e~ht. 

forr all i. Consequently, lnd < bi < —In7, for all i, which means that the 

rangee of possible 6-parameter values is restricted when S ^ 0 and /or 7 ^ 0. 

Iff S = 0 and /or 7 = 0. then one of the two range restrictions or both are 

relaxed,, because then In6 or —In7 or both are not defined. The values of 

bo thh <5 and 7 must be positive and close to zero. For example, if S = .3 and 

77 = .4, then the range of possible 6-parameter values is equal to the open 

intervall ( — 1.20.0.92). In Table 6.1, for a number of S = 7 = u values close 

too zero, the corresponding  In u values are given. 

Tablee 6.1: (5 = 7 = it)-parameter values and lower or upper bounds  In it 

55 - 7 = u ÖÖÏ ÖÖ3 ÖÖ5 OÖ7 ÖÖ9 0.11 

ww 1 1 0 6 1 1 

Somee algebra shows tha t 6 - ^-ebl and 7 = M ~ ^ \ e ~ b t . for all i. from 

whichh it follows tha t £7 = ?'( ~f\ for all i. So the product ^7 is equal 
VV ^  ci )9i 

too the odds-ratio of the lower and upper asymptote, which has the same 

constantt value for all i. 

Inn Table 6.2, a selected number of b-parameter values and the corre

spondingg c- and ^-parameter values are given for a set of nine items under 

thee model in Equation 6.14, with S = .05 and 7 = .03. Graphical represen

tat ionss of the nine IRFs from Table 6.2 are shown in Figure 6.1. 

Tablee 6.2: The 6-, c- and ^-parameter values of nine IRFs 

itemm 1 2 3 4 5 6 7 8 9 

bibi -2 .0 -1 .5 -1 .0 -0.5 0.0 0.5 1.0 1.5 2.0 

dd 0.36 0.22 0.13 0.08 0.05 0.03 0.02 0.01 0.01 

g,g, 1.00 0.99 0.99 0.98 0.97 0.95 0.92 0.87 0.78 

Byy setting 7 = 0 and /o r 6 = 0. three special cases of the model in 

Equationn 6.14 are obtained. The IRF of the first special case where 7 = 0, 

iss given by 

cc ft 

p.(0)) = _ for a l i i . (6.16) 

Fromm 7 = 0, it follows that c\ = 6e~bt and gi = 1, for all i. In this case the 
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-66 -5 -4 -3 -2 -1 0 

Figuree 6.1: Nine IRFs under the model in Equation 6.14 

rangee of possible 6-parameter values is only restricted by its innmum value 

off In 5. If bz — 0, then Cj = S, which shows that under this model the value 

off S is the value of the lower asymptote of the IRF with bi = 0. 

Inn Table 6.3, a selection of 6-parameter values and the corresponding 

c-parameterr values are given for a set of nine items under the model in 

Equationn 6.16, with ö — .05. Graphical representations of the nine IRFs 

fromm Table 6.3 are shown in Figure 6.2. 

Tablee 6.3: The b- and c-parameter values of nine IRFs 
item m 

bi bi 

Ci Ci 

1 1 

-2.0 0 

0.36 6 

2 2 

-1 .5 5 

0.27 7 

3 3 

-1.0 0 

0.14 4 

4 4 

-0 .5 5 

0.08 8 

5 5 

0.0 0 

0.05 5 

6 6 

0.5 5 

0.03 3 

7 7 

1.0 0 

0.02 2 

8 8 

1.5 5 

0.01 1 

9 9 

2.0 0 

0.01 1 

Thee IRF of the second special case of the model in Equation 6.14 where 

55 = 0, is given by 

Pi(0) Pi(0) 
; i - 7 e

f t t 

g0 ll _j_ gft 
forr all i. (6.17) ) 

Fromm S = 0, it follows that Cj = 0 and <?j = 1 — 7eb% for all i. In this case 

thee range of possible 6-parameter values is only restricted by its supremum 

valuee of —In7. If bz = 0, then gi = 1 — 7, which shows that under this 

modell 1 — 7 gives the value of the upper asymptote of the IRF with bi = 0. 
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-66 -5 -4 -3 -2 -1 ü 1 2 3 4 5 6 

Figuree 6.2: Nine IRFs under the model in Equation 6.16 

Inn Table 6.4, a selection of 6-parameter values and the corresponding 

g-parameterr values are given for a set of nine items under the model in 

Equat ionn 6.17, with 7 = .03. Graphical representations of the nine IRFs 

fromm Table 6.4 are shown in Figure 6.3. 

Tablee 6.4: The b- and (/-parameter values of nine IRFs 

itemm 1 2 3 4 5 6 7 8 9 

bbtt -2 .0 -1 .5 -1 .0 -0 .5 0.0 0.5 1.0 1.5 2.0 

g,g, 1.00 0.99 0.99 0.98 0.97 0.95 0.92 0.87 0.78 

-66 -5 -4 - 3 - 2 - 1 0 1 2 3 4 5 6 

Figuree 6.3: Nine IRFs under the model in Equation 6.17 
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Thee third special case of the model in Equation 6.14 where 7 = 0 and 

55 = 0, is equal to the one-parameter logistic Rasch model, for which the 

IRFF is given by 

eee e 

ppi(°)i(°)  = -T-r-B > f o r a11 L (6-18) 

Sincee both 7 and S are equal to zero, this model is also a special case of each 

off the models in Equations 6.16 and 6.17. Now, both range restrictions of 

possiblee 6-parameter values are relaxed, and the range goes from — oc to 

00. . 

Inn order to show that the class of models defined in Equation 6.14 is a 

speciall class of models of the general CLORs model, it is sufficient to show 

thatt the ratio of the odds for a correct response for any pair of items is the 

samee for all latent trait values. The ratio of the odds for a correct item 

scoree for any two items i and j (i ^ j) as a function of 0 is equal to 

Vj(fl)) = Pi{9){l  - P3(B)} = ( l - 7 e 6 < ) ( ^ ~£) 

Vj{0)Vj{0) {1 - PmyPjW (e* - S)(l - 7 ^ ) uuij(e)ij(e) = ^LL=  ;;  n„~,\zi = :_h~ J: Z\- ^-^) 

Thee right-hand side is independent of 6, and therefore, the new class of 

parametricc IRT models is a special class of models of the general CLORs 

model.. This also proves indirectly that the total score X+ is a sufficient 

statisticc for the latent trait 9 under the new class of parametric IRT models. 

Provingg this directly is done by deriving Equation 6.8 from the model in 

Equationn 6.14, which yields 

P(XX = x I X+ = * + ; 0 , M , 7 ) = /)!"  t,v (6-20) 

wheree b = (b\,... , bx)- Since the right-hand side of Equation 6.20 is 

independentt of 6, the total score X+ is a sufficient statistic for the latent 

traitt 6 under the model in Equation 6.14. 

Too conclude this section, under the general CLORs model or one of 

itss parametric special cases, the total score captures all information in 

thee latent trait that is relevant to a specific item score. Therefore, under 

eachh of these CLORs models, for OCI methods in general and for the MH 
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proceduree in particular, conditions can be derived in which these methods 

aree diagnostic of DIF. For the MH procedure under the general CLORs 

model,, these conditions are studied in the next section. 

6.33 CLORs and the MH procedure 

Inn the MH procedure, the null hypothesis is tested whether the manifest 

between-groupss odds-ratios for a studied item k are equal to one at all total 

scoree levels. These two groups of examinees are usually called the reference 

groupp (majority) and the focal group (minority). If the reference group 

iss denoted by G = 1 and the focal group by G = 2. then this MH null 

hypothesiss is formulated as 

P(XP(Xkk = l\X+=x+.G=l) 
P(XP(Xkk=0\X=0\X++ =x+,G=l)=x+,G=l)  _ qAfH _ 1 f ,, / f on 

^ 00 • P(Xk = l\X+=x+~^=Z) ~ & ~ 1, tor a i i x+. (b.ZL) 
P (X A . =0 |X + =x+ ,G=2 ) ) 

Thee MH null hypothesis is tested against the alternative hypothesis of a 

constantt manifest odds-ratio unequal to one at all total score levels: that 

is, , 

H,H, : j3%IH / 1, for all x+. (6.22) 

Inn this section, the manifest MH odds-ratios conditional on the total score 

aree rewritten in terms of CLORs. The purpose is to determine conditions 

underr a CLORs model, in which the MH procedure is diagnostic of DIF 

andd in which it is not. 

First,, for an arbitrary population of examinees the manifest probabili

tiess of a correct response and that of an incorrect response, both conditional 

onn the total score, are derived from the manifest probability given in Equa

tionn 6.2. Since Pl{0)x>Ql(0)1-x> = Vi{0)XiQi{9), the manifest probability in 

Equationn 6.2, can be rewritten as (Cressie & Holland, 1983) 

ff K K 

P(XX = x) = / J ] Vi(e)Xi [J Qi(9)dF(d). (6.23) 
JJ i=i  i=i 

Settingg in Equation 6.23 the latent odds function of the arbitrary reference 

itemm j aside from the total product of latent odds functions of the remaining 
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items,, yields 

KK K 

P(XX = x) = ƒ Vj(Bp f[ Vi(e)Xi f[  Ql{0)dF{6). (6.24) 
i^ji^j  i=i 

Next,, if for all i  ̂ j , Vi{6) is replaced with otijVj(9), then the manifest 

probabilityy of a possible response pattern under the CLORs model becomes 

KK K 

P(XX = x) = j VjieriYl^V^rJlQ^dFiO) 
i+3i+3  i=l 

KK K K 

VjW>VjW> I I a§ IIVi-WXi Y[QiWdF(e) 

KK „  K K 

I I 
== 11^] Jv3(orflvJ(erf[Qt(e)dF(e) 

KK r K 

Again,, let i?x+ be the set of all response patterns for which X+ = x+; 

thatt is, Rx+ = {x; J2i=i  xi — x+)->  a n d ^et Sx+-i be the set of all response 

patternss for which Yli^k^i = x+ — 1; that is, Sx+-\ = {x; J ^ f c xi = 

xx++  — 1}. Then the manifest probability of giving a correct response to item 

kk conditional on the total score is 

P(XP(Xkk = l,X+ = x+) 
P(XP(Xkk = l\X+ = x+) = 

P(XP(X++  = x+) 

*kj*kj  E ^ . , n£;.* «3 ƒ vmx+  n£i Qi{e)dF(s) 

KK Xi 
E ^ I l i / j " " 

(6.26) ) 

Similarly,, if Sx+ is the set of all response patterns for which Yln^k ^i = £+; 

thatt is, Sx+ = {^',^2i^kxi  = x+}i  then the manifest probability of an 

incorrectt response to item k conditional on the total score is 

E &&  , n K K 
OLi OLi i£j,ki£j,k ij 

P{XP{Xkk = 0\X+ = x+)= *  " • ; r (6.27) 
L,RL,RXX.. 1 l i / j aij 
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Next,, it follows that the odds for a correct response on item k conditional 

onn the total score is equal to 

p(xp(xkk = i\x+ =  x+) ^ E s , + - , n , ^ Q g 
P(X»» = 0 | X + = x + ) E ^ n r , , , a 3 • [  } 

Finally,, dividing the odds of a correct response in the reference group (G = 

1)) by the odds of a correct response in the focal group (G = 2) yields the 

manifestt between-groups MH odds-ratios under the general CLORs model; 

thatt is. 

forr all x+. 

Inn what follows, four practical situations or cases are discussed in which 

ann item is tested for DIF by means of the MH procedure. 

Casee 1: Al l K i tems are free of DI F 

Iff  all items are free of DIF; that is, if 

PPnn(0)(0) = Pl2{0) = Pi(0), for all 0 and all i, (6.30) 

thenn all (K — 1) latent odds-ratios between the reference item j and any of 

thee remaining items (including the studied item k) are invariant between 

groups:: that is. 

Pii(0)QM8)Pii(0)QM8) Pi2mQM0) PiWQjW t „ , , „ . , . , . , , „ 

QimPM»)QimPM»)==  omPW)= omwr ' *3' (6'31) 
Sincee under a CLORs model, the latent odds-ratios in Equation 6.31 are 

alll constant and independent of 9. invariance of the IRFs between the two 

groups,, given in Equation 6.30, implies 

aijiaiji  = alj2 = aij, for all i / j . (6.32) 

Substitutingg a^i and alj2 by a  ̂ for all i ^ j in Equation 6.29 yields a 

manifestt MH odds-ratio equal to one at each total score level; that is, 

0%0%IHIH = 1, for all x+. (6.33) 
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Thiss is a 'true-negative' case, in which a right decision is made with respect 

too a non-DIF item (the studied item k). So when the MH chi-square test 

statisticc is used to investigate item k for DIF in a practical situation in 

whichh all items, including item k, are free of DIF, then the actual level of 

significancee will be asymptotically equal to the nominal level of significance. 

Casee 2: All K i tems are DI F i tems 

Notee that j3^IH — 1, for all x+, can also be true without invariance of 

thee IRFs between the two groups for any item in the matching criterion, 

becausee a^i = atj2 = otij for all i  ̂ j does not imply Pn(0) = Pi2{9) for 

alll 9 and all i. For example, if 

n^ffln^ffl =  a  ̂  ̂ for all 0 and alH, (6.34) 

thenn all items are DIF items. From this it follows for any pair of items i 

andd j that 

Pa(B)Qi2(9)Pa(B)Qi2(9) = Pji(e)Qj2(e) 
QQïïi(e)pi(e)pl2l2(e)(e) Qji{0)pj2(ey { ' } 

whichh is equivalent to 

PnWQjiiO)PnWQjiiO) _ Pl2(O)Qj2(0) 
(6.36) ) 

Qii{0)Pji(0)Qii{0)Pji(0)  Qi2(0)Pj2(dy 

andd under a CLORs model this means for any pair of items i and j that 

atijiatiji  = aij2. (6.37) 

Consequently,, f3£IH — 1, for all x+, in Equation 6.29. This is a 'false-

negative'' case in which a wrong decision is made with respect to a DIF 

item.. When these conditions are true in a practical DIF testing situation, 

thee MH procedure is incapable of detecting DIF, which is actually present 

forr all items. This situation will be explained in more detail in the example 

afterr this section. 
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Casee 3: Only the studied item is free of DI F 

Iff the CLOR between the studied item k and the arbitrary reference item 

jj  does not have the same value in the two groups, and if all other CLORs 

aree invariant between the groups: that is. 

<*kji<*kji  ¥" akj2, and ctiji  = Qy2, for all i  ̂ k.j, (6.38) 

whichh implies that akn ^ akl2. for all i  ̂ k,j: then under the general 

CLORss model, the manifest MH odds-ratio is 

Vu(fl) ) 
RRMHMH akj\ Vji{6) 
PPkk =—-=y^ë), for all x+. (6.39) 

33 Vj2(9) 

Iff in this case the studied item k is free of DIF, but the reference item j is 

nott free of DIF (which in this case means that only the studied item k is 

freee of DIF), then Vkl{9) = Vk2{9) and Vji(0)  ̂ V]2{9). Consequently, the 

manifestt MH odds-ratio of the studied non-DIF item k is equal to 

Vjti(Ö) ) 

PkPk = = ., ,m =  Jr ,,,, =7^—,m _. / m = — 7 ^ 1, lor all x+, (6.40) 
c*kj2c*kj2 ^ g j . VJi(0) Qj2{B)Pjl(6) aj  ̂ + > v ; 

whichh does not reflect a constant amount of DIF in item k, but the common 

amountt of DIF actually present for each of the remaining items in the total 

score,, that are represented by the reference item j . This is a 'false-positive' 

casee in which a wrong decision is made with respect to a non-DIF item. 

Casee 4: Only the studied item is a DI F item 

Inn the situation in which the reference item j is free of DIF and the studied 

itemm k is a DIF item, we have Vn(6) = Vj2{9) and Vk\{0)  ̂ Vk2{9). If at 

thee same time all CLORs are invariant between groups except the CLOR 

betweenn the studied item k and the reference item j , then except for the 

studiedd item k all other items in the total score are free of DIF. In this 

situationn it follows that the manifest MH odds-ratio is equal to 

Vfci(fl) ) 
aMHaMH =

 akjl  = V,-i(fl) Vfcl(fl) Pkl(0)Qk2{0) , , , 
PkPk akj2 VpEL Vk2{9) Qk,(9)Pk2(9)-ak^ X' ( b ' 4 i J 
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att each total score level. This is a 'true-positive' case in which a right de

cisionn is made with respect to a DIF item. 

Iff the conditions of Case 4 hold under the CLORs model, then it follows 

thatt the studied item k can only be a uniform DIF item (see Chapter 2). 

Sincee a^ji and Qkj2 are constants and otkji ¥" akj2i ak is also a constant 

unequall to one and independent of 0, which is the definition of uniform 

DIFF (Hanson, 1998). In constrast to the Rasch model, however, under the 

generall CLORs model uniform DIF does not imply parallel DIF, defined as 

Pn{Q)Pn{Q) — Pi2(6 + e) f°r all 0 and e ^ 0. Since under the latter model lower 

and/orr upper asymptotes can differ between the IRFs of the two groups, 

thesee IRFs can not always be horizontal translations of each other. 

Thus,, it can be concluded that only when the IRFs of the reference item 

jj  in the two groups are equal and the CLORs between item j and all the 

otherr items except for the studied item k are equal in the two groups, then 

thee manifest MH odds-ratios can be used to test the IRT null hypothesis 

off no-DIF for the studied item k. 

Off the four cases discussed, the so-called 'false-positive' and 'false-

negative'' cases are the undesirable situations. Since in practice the 'false-

positive'' case can lead to the 'false-negative' one through the deletion of the 

non-DIFF item that is flagged as a DIF item, the 'false-negative' case can be 

seenn as the worst case scenario of the four situations discussed. The 'false-

negative'' case is especially adverse, because in this case it will be tempting, 

afterr the items are all investigated for DIF, to draw the conclusion that 

nonee of the items are DIF items while in fact they all are. 

Situationss under the CLORs model in which two or more CLORs are 

differentt for the two groups are more complex and difficult to discuss. 

6.44 Worst case scenario example 

Inn the worst case scenario, DIF exists for all items but the CLORs between 

alll item-pairs in the two groups are equal. Consequently, in this situation 

thee MH null hypothesis is satisfied, which is illustrated in the following 

numericall example. 
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Supposee a test consisting of three dichotomous items, and that, for 

computationall convenience, within each of the two groups under study the 

Raschh model holds, which is a special case of the general CLORs model. In 

bothh groups, the common discrimination parameter is equal to 1. Item 3 is 

arbitrarilyy taken as the reference item. In both groups the constant latent 

odds-ratioo between item 1 and item 3 is equal to a  ̂ = ebs~bl = 3, and 

betweenn item 2 and item 3. a23 = eb3~b2 = 5. So for each item the value 

off the manifest MH odds-ratio is equal to Q^1H = 1 at each total score 

level.. If in group 1 the item difficulty parameter value of the third item is 

bb33 = 2, then in this group bi = 2 - In 3 = 0.901 and b2 = 2 - In 5 = 0.391. 

Whenn in group 2 (denoted by an asterisk) the difficulty parameter value 

forr the third item is 63 = 1, then in this group 6* — 1 — In 3 = —0.099 and 

622 = 1 — In 5 = —0.609. This means that for each item the Signed Area 

(SAi)(SAi) (Raju, 1988) has the value 1 (SA3 = b3 - b% = 2 - 1 = 1; SA2 = 

bb22-b*-b* 22==  0.391 - (-0.609) = 1; and SAX = bA-b\ = 0.901 - (-0.099) - 1). 

Thiss value indicates a large difference between the corresponding difficulty 

parameterr values in the two groups for each item. So, for each item in this 

examplee the MH null hypothesis is satisfied while each item has a large 

amountt of DIF. 

Forr the situation in which the Rasch model fits the data of each of the 

twoo groups separately, but it does not fit the data of the combined group 

off all examinees, it can be shown that when the CLORs between all item-

pairss are invariant between the two groups, in addition to the difficulty 

parameterss values, the common discrimination parameter values in the two 

groupss are not restricted to be equal. Thus, even in this situation the MH 

nulll hypothesis is satisfied. 

6.55 Discussion 

Inn the present chapter, it has been shown that the assumptions of LI, 

nondecreasingg IRFs and CLORs for all pairs of items alone do not imply 

thee one-parameter logistic Rasch model. These three assumptions define 

aa larger class of dichotomous IRT models, which has been called the class 

off CLORs models. The conditions of LI and CLORs for all pairs of items 
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implyy sufficiency of the total score for the latent trait. The sufficiency of 

thee total score for the latent trait is a particularly appealing measurement 

property,, because if this property holds, then a given pattern of item scores 

containss no further information about the latent trait beyond that of the 

unweightedd sum of the given pattern of item scores. For DIF detection, this 

meanss that the total score captures all relevant information in the latent 

traitt for the studied item, and that the total score can be used as matching 

variablee in an observed score based DIF detection procedure (Millsap & 

Meredith,, 1992). 

Checkingg the data for LI and CLORs for all pairs of items is equal to 

checkingg for sufficiency of the total score for the latent trait. Rosenbaum 

(1984)) showed that when the IRFs are nondecreasing, LI of the item scores 

givenn the latent trait implies nonnegative conditional covariances between 

alll pairs of item scores conditional on any function of the remaining item 

scores.. He proposed tests of LI that can be applied without first specifying 

aa parametric form of the IRFs. Rosenbaum (1987) also showed that the 

simplee assumption of a CLOR for a single pair of items, in his terminology 

calledd proportional latent odds, places testable restrictions on the observ

ablee distribution of the item scores. The chi-square test of independence he 

proposedd for checking whether a pair of items has a CLOR is easy to imple

ment,, and probably works well with samples of moderate size. Moreover, 

hee developed and demonstrated a method for checking whether a CLOR 

betweenn a single pair of items is invariant between groups. 

Thee models that are parametric special cases of the general CLORs 

modell were discussed in the first place, to show that there exist other models 

thann the Rasch model for which total score X+ is a sufficient statistic for the 

latentt trait 9. The practical value of these models, methods for assessing 

thee goodness-of-fit and the estimation of the parameters under these models 

aree topics for future research. Just like the Rasch model these models are 

quitee restrictive to the data. In the models with lower asymptotes, the 

relationn between the c-parameter and the location parameter does not seem 

too be unrealistic for cognitive tests when they are interpreted as a guessing 

parameterr and a difficulty parameter, respectively. It is plausible that the 

probabilityy of guessing the right answer is lower when an item is more 
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difficult.. For example, in case of multiple-choice items with one correct 

answerr and a fixed number of incorrect answer categories, the guessing 

parameterr values should in theory be equal for all items. However, in 

practice,, they are often not equal for all items. An explanation for this 

iss the varying attractiveness of the incorrect answer categories between 

items.. When an item has attractive incorrect answer categories that are 

almostt correct, then the item will be more difficult and the probability of 

guessingg the right answer will be smaller than in case of incorrect answer 

categoriess that are obviously wrong. For other tests, such as dichotomously 

scoredd personality questionnaires or other psychological tests, for which the 

positivelyy keyed answer is indicative for more of a certain opinion, at t i tude, 

emotionall state, and so on. the lower asymptote can not be interpreted 

ass a guessing probability. However, there is no a priori reason why the 

IRFss of such items should have lower asymptotes equal to zero and upper 

asymptotess equal to one. Since the three parametric special cases of the 

generall CLORs model are all generalizations of the Rasch model, they 

alwayss fit equally well or bet ter to the data than the Rasch model. However, 

forr certain values of the parameters each of them is almost equal to the 

Raschh model. Only fitting these models to empirical da ta can give a definite 

answerr about their practical value. 

Iff the general CLORs model or one of its parametric special cases, 

includingg the Rasch model, fits the data, then OCI methods in general 

andd the IVIH procedure in particular can be diagnostic of measurement 

invariancee or DIF. because under these models the total score is an adequate 

matchingg criterion. In practice, these methods should still be applied with 

caution,, because of the 'false-negative' and 'false-positive' cases discussed 

inn one of the previous sections. The worst case scenario deserves special 

at tention.. When under one of the CLORs models all items are DIF items 

inn favor of the reference group while the reference and the focal groups 

havee the same true mean latent ability value, then the total score mean in 

thee reference group will be higher than the total score mean in the focal 

group.. So in tha t situation there are no true between-group differences, 

whilee it might be concluded on the basis of the observed scores tha t there 

are.. The groups only differ with respect to something else tha t is also 

systematicallyy measured by the test in addition to the intended latent trait. 
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Thiss is a general validity problem which can not be solved by statistical 

methods.. Therefore, the contents of the items should always be thoroughly 

investigated. . 
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Samenvattingg (Summary in dutch) 

Psychologischee tests en vragenlijsten worden zowel in de praktijk als in de 

wetenschapp veelvuldig gebruikt om verschillen te meten op psychologische 

variabelenn tussen individuen of groepen, of binnen individuen of groepen. 

Voorr het valide meten van verschillen tussen groepen is het niet noodzake

lijkk maar wel voldoende dat alle items van de test of vragenlijst hetzelfde 

metenn in de groepen die met elkaar worden vergeleken. Wanneer dit voor 

eenn bepaald item niet geldt, spreekt men van 'Differential Item Functioning' 

(DIF). . 

Hett begrip DIF past goed binnen het kader van de 'Item Response 

Theory'' (IRT), waarin meetmodellen op itemniveau zijn gespecificeerd. In 

dee DIF studies van dit proefschrift komen alleen unidimensionale latente 

trekk modellen voor ordinaal dichotome itemscores (goed/fout, ja/nee, enz.) 

aann de orde. Het uitgangspunt bij deze modellen is de 'Item Response 

Function'' (IRF). De IRF geeft de kans op een goede of positieve itemscore 

alss functie van de latente trek. Onder de desbetreffende IRT modellen is 

err dan sprake van DIF wanneer de IRFs van een item in ten minste twee 

groepenn van elkaar verschillen. 

Err bestaan verschillende methoden om DIF te detecteren. Niet alle DIF 

detectiemethodenn kunnen onder alle omstandigheden binnen het kader van 

dee IRT worden toegepast. Daarbij is het noodzakelijk dat de nulhypothese 

diee in de DIF detectiemethode wordt getoetst dezelfde is als de IRT defini

tiee van geen DIF. In de studies in deze dissertatie worden twee belangrijke 

statistischee DIF detectiemethoden onderzocht, waarin op een geobserveerde 

scoree 'gematchte' personen uit twee verschillende groepen met elkaar wor

denn vergeleken aan de hand van hun scores op een te onderzoeken item. 

Omdatt in deze methoden personen niet op de latente trek maar op een 
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geobserveerdee score worden gematcht en het te onderzoeken item in de prak

tijkk min of meer standaard in de geobserveerde score wordt opgenomen, is 

dee nulhypothese die in beide methoden wordt getoetst, niet onder alle om

standighedenn gelijk aan de IRT nulhypothese van geen DIF. In verschillende 

hoofdstukkenn van deze dissertatie wordt, onder schending van theoretisch 

idealee omstandigheden, onderzocht hoe goed beide methoden DIF items 

kunnenn onderscheiden van items die niet differentieel functioneren. 

Dee eerste DIF detectiemethode die wordt onderzocht in Hoofdstuk 3, is 

dee Logistische Regressie methode. In deze methode wordt de nulhypothese 

getoetstt tegen de gelijktijdige alternative hypothese van twee specifieke 

afwijkingenn of vormen van DIF. De tweede DIF detectiemethode die wordt 

onderzochtt in de Hoofdstukken 4, 5 en 6, is de Mantel-Haenszel methode. 

Inn deze methode wordt de nulhypothese van geen DIF getoetst tegen de 

alternativee hypothese van één specifieke vorm van DIF. In Hoofdstuk 2 

wordenn deze verschillende vormen van DIF eerst gedefinieerd. Iedere speci

fiekeree vorm of definitie van DIF zou in principe in een DIF detectiemethode 

kunnenn worden opgenomen als alternatieve hypothese. Zo een alternatieve 

DIFF hypothese zou dan meer onderscheidingsvermogen kunnen opleveren 

dann de meest algemene alternatieve hypothese van DIF. 

Naastt het definiëren van verschillende vormen van DIF, wordt in Hoofd

stukk 2 de relatie tussen DIF en éendimensionaliteit besproken. Er wordt 

bewezenn dat de conditie van geen DIF logisch uit éendimensionaliteit volgt. 

Verderr worden bij het definiëren van verschillende vormen van DIF vier 

DIFF onderscheidingen gebruikt. Elk DIF onderscheid definieert twee we

derzijdss uitsluitende vormen van DIF die samen de algemene DIF definitie 

opvullenn en dus uitputtend zijn. Als zo'n relatie tussen twee vormen van 

DIFF bestaat, dan worden ze complementair genoemd. Het eerste onder

scheidd is tussen uniforme en niet-uniforme DIF, het tweede onderscheid is 

tussenn unidirectionele en bidirectionele DIF, het derde onderscheid is tussen 

parallellee en niet-parallelle DIF, en het vierde en laatste is een nieuw onder

scheidd tussen partiële en complete DIF. De onderlinge relaties tussen vor

menn van DIF die niet per definitie complementair zijn, worden onderzocht. 

Err wordt bewezen dat gegeven het algemene niet-parametrische dichotome 

IRTT model en de vier DIF onderscheidingen, er slechts zeven wederzijds uit-
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sluitendee vormen van DIF bestaan die samen uitputtend zijn. Voor elk van 

dezee zeven vormen van DIF wordt ten slotte nog onderzocht of de vorm van 

DIFF kan bestaan voor, of wordt uitgesloten door, bekende parametrische 

enn niet-parametrische dichotome IRT modellen. 

Inn Hoofdstuk 3 worden de robuustheid en het onderscheidingsvermo

genn van de Logistische Regressie (LR) methode onderzocht bij het de

tecterenn van de twee afzonderlijke vormen van DIF waarvoor het is ont

wikkeld,, namelijk uniforme en niet-uniforme DIF. De dichotome data wor

denn gegenereerd onder het Monotone Homogeniteit (MH) model van Mokken 

Dee bedoeling hiervan is het onderzoeken van de bruikbaarheid van de LR 

methodee onder een algemener model dan het één-, twee- of drie-parameter 

logistischee IRT model voor dichotome item scores. Over het algemeen laten 

dee resultaten zien dat de nulhypothese van geen DIF te vaak wordt ver

worpenn en dat het onderscheidingsvermogen om DIF te detecteren onder 

dee meeste omstandigheden onvoldoende is. 

Inn Hoofdstuk 4 worden het effect van het opnemen van het te onder

zoekenn item in de matchingsvariabele en het effect van het gebruiken van 

dee continuïteitscorrectie in de chi-kwadraat toetsingsgrootheid op zowel 

dee robuustheid als het onderscheidingsvermogen van de Mantel-Haenszel 

methodee onderzocht. De dichotome data zijn onder het twee-parameter 

logistischee Birnbaum model gesimuleerd. Op deze manier is het gebruik 

vann de Mantel-Haenszel methode onderzocht onder een schending van de 

noodzakelijkee conditie dat zowel de restscore als de totaalscore Bayes suf

ficiëntt is voor de latente trek. De robuustheidsresultaten laten zien dat de 

continuïteitscorrectiee altijd moet worden toegepast. Zowel de robuustheids

resultatenn als die voor het onderscheidingsvermogen laten zien dat het te 

onderzoekenn item in de matchingsvariabele moet worden opgenomen voor 

kleinee (15 items) en middelmatige (30 items) testlengte condities en dat 

hett te onderzoeken item uit de matchingsvariabele moet worden wegge

latenn voor grote (60 items) testlengte condities. 

Inn Hoofdstuk 5 wordt de Mantel-Haenszel methode aan een tweede 

simulatie-onderzoekk onderworpen. In deze studie gaat de aandacht uit naar 

hett effect van itemdiscriminatie op de robuustheid en het onderscheidings

vermogenn van de Mantel-Haenszel methode bij het detecteren van uniforme 
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DIF.. Wederom worden de data gegenereerd onder het twee-parameter lo-

gistischee model, maar nu met de bedoeling het effect van itemdiscriminatie 

opp zowel de 'Mean Squared Error' (MSE), als op de 'bias' van de Mantel-

Haenszell "odds-ratio' DIF effect-grootte schatter te evalueren. Over het 

algemeenn laten de resultaten zien da t de kans voor een item met uniforme 

DIFF om gedetecteerd te worden door de Mantel-Haenszel methode kleiner is 

voorr sterk discriminerende items dan voor zwak discriminerende items met 

dezelfdee DIF effect-grootte in termen van de populatie Mantel-Haenszel 

"odds-ratio\ \ 

Tott slot worden in Hoofdstuk 6 zogenaamde "Constant Latent Odds-

Ratios '' (CLORs) modellen geïntroduceerd. CLORs modellen worden gede

finieerdfinieerd door de aannames van lokale onafhankelijkheid gegeven de latente 

trek.. monotoon stijgende IRFs en constante 'odds-ratio' functies van de 

latentee trek voor alle item paren. Er wordt aangetoond dat onder deze 

modellen,, methoden die gebaseerd zijn op een geobserveerde score in het 

algemeenn en de Mantel-Haenszel methode in het bijzonder, diagnostisch 

kunnenn zijn voor DIF of meetinvariantie. In het hoofdstuk wordt ook een 

nieuwee klasse van parametrische speciale gevallen van het algemene CLORs 

modell behandeld. Verder wordt er bewezen dat onder de hele klasse van 

CLORss modellen de totaalscore een afdoende grootheid is voor de latente 

trek.. Vervolgens worden er hypothetische situaties besproken die in de 

praktijkk kunnen ontstaan wanneer de Mantel-Haenszel methode wordt ge

bruiktt voor het detecteren van DIF onder de voorwaarde dat een van de 

CLORss modellen op de da ta past. Daarbij wordt speciale aandacht gegeven 

aann een zogenoemd 'worst case scenario', waarin aan de Mantel-Haenszel 

nulhypothesee is voldaan, maar alle items in de test DIF items zijn met een 

systematischee onzuiverheid in het voordeel voor een van de twee onder

zochtee groepen. 
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