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ABSTRACT

The frequent use of standardized tests for admission, advancement, and
accreditation has increased public awareness of measurement issues, in particular, test
and item bias. The logistic regression (LR) and Mantel-Haenszel (MH) procedures are
relatively new methods of detecting item bias or differential item functioning (DIF) in tests.
In only a few studies has the performance of these two procedures been compared.

In the present study, sample size, effect s.ize, and percentage of DIF items in the
test were manipulated in order to compare detection rates of uniform DIF by the LR and
MH procedures. Simulated data, with known amounts of DIF, were used to evaluate the
effects of these variables on DIF detection rates.

Data sets with equal ability distributions were generated for the reference and focal
groups with five levels of sample size (100/100, 200/200, 400/400. 600/600, and 800/800).
A 66 item test was used with two levels of percentage of DIF (9% and 18%). Two levels
of item difficulty (b) (-.5 and .5) were combined with three levels of item discrimination (2)
(.3, .5, and .7). The amount of DIF, or effect size, was measured hy the difference
between the b values of the reference and focal group (b value difference) and by the
difference between the proportion correct scores of the reference and focal group (p-value
difference). One of the purposes of the study was to determine which measure of effect
size would more accurately predict the DIF detection rates. Four levels of b value
difference (.2, .4, .6, and .8) were used and 24 p-value differences were computed as a

result of four levels of b value difference, three levels of g, and two levels of b. Regression
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models were obtained predicting MH detection rates, LR detection rates, and 4, The
percentage of comectly identified uniform DIF items over 100 replications was reported for
the MH and LR procedure; false positive rates were aiso reported.

DIF detection rates were quite similar for the MH and LR procedures; however, the
LR procedure marginally outperformed the MH procedure under all conditions. The LR
procedure produced slightly h;re false positives than the MH procedure. Sample size and
effect size were found 1o have a positive effect on detection rates. P-value difference was
a more accurate measure of effect size than b value difference and, as such, explained
more variance in MH and LR detection rates. P-value difference explained 85% of the
variance in A, It was difficult to generalize the effect of b values on DIF detection rates,
however, when b was held constant, larger a values were associated with increased DIF
detection rates. Moreover, it was the combination of g, b, and b value difference that
produce the p-value difference, which seemed to be the determining factor in the detection
rates. Higher DIF detection rates were observed for the test with 9% DIF items than for
the test with 18% DIF items.

in detecting uniform DIF, the LR procedure had a slight advantage over the MH
procedure at the cost of increased false positive rates. P-value difference was definitely

a more accurate measure of the amount of DIF than b value difference.
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CHAPTERI|

INTRODUCTION

Tests are widely used in modem society. important decisions such as acceptance
and advancement in education, career advancement, and the provision of special services
are often based on the results of test scores. Test developers are aware that scores on
a test can be affected by many other varigbles in addition to the variable of interest, the
subject's ability in the tested area. :Fest developers try to reduce these extraneous
variables by maintaining a constant test-taking envircnment for all examinees by following
rigorous rules of test administration and by thoroughly reviewing test items with panels of
experts. However, whenever a test is designed to measure a large population, subgroups
of that population will inevitably be present. It is important to ensure that members of one
subgroup do not have an advantage over members of another subgroup on the test as a
whole or on any given item. Often such an advantage favours majority group members
over minority group members. Hence, the issue of bias in testing has tecome an
important, yet controversial, area in the measurement field.

Bias at the test level is referred to as test bias. In this case, the test is often used
as a criterion for decision making; yet, the performance of one group is not predicted as
accurately as the performance of another. As a result one group has an advantage over
the other. Item bias results when one subgroup of a population has an advantage over
another on a given item. Specifically, an item is termed as biased if the probability of
answering the item correctly is greater for one group than another group for members of

equa! ability. An item is considered to be unbiased if all individuals having an equal
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underlying intended-to-be-measured ability have an equal probability of answering the iiem

comrectly regardless of group membership (Ackerman, 1882). Holland and Thayer (1986)
suggest that modern approaches to item bias focus on the fact that different groups of
examinees may react differently to the same test question. By examining these
differences, test developers may gain new information on the test item and on the
experiences and backgrounds of the different groups of examinees (Holland & Thayer,
1986).

Evidence of item bias is gathered empirically by calculating the probability of
success on the item for individuals in a particular group and comparing this success rate
to the success rate of other equally capable individuals from another group. If the success
rates are significantly (meaningfully) different then the item is considered biased.
However, the term "bias" has many different connotations; specifically, it may be assumed
that one group has an advantage over another. In fact, the evidence gathered empirically
gives no indication of whether the observed differences are legitimate parts of the
construct being measured. Groups may differ in their responses to an item for reasons
other than bias, such as differential course taking patterns or interest in the specific
content of the item (Donoghue & Allen, 1983). Therefore, a more neutral and accurate
term, differential item functioning (DIF), rather than item kias, is preferred in recent years
to describe the empirical evidence obtained in the investigation of bias (Hambleton,
Swaminathan, & Rogers, 1991). The term DIF is used in this study.

One of the basic principles in DIF studies is the notion of comparing only

comparable members of the two groups of interest (Holland & Thayer, 1986).
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Comparability means similarity in certain characteristics which strongly relate to
performance on the studied item: measures of ability for which the item was designed,
courses taken or other measures of relevant experience, and membership in other groups.
In common practice, criteria on which examinees from the two groups are matched include
the test scores as these are readily available and usually measure the same ability as the
studied item (Holland & Thayer, 1986). Without matching criteria, a simple difference
between the performance on the item for the two groups could be calculated, resulting in
measure of impact rather than DIF. Impact confounds differences in examinee ability with
item characteristics and is of little use in attempting to identify items that may truly
disadvantage some groups of examinees (Holland & Thayer, 1986).

Mellenberg (1982) defined DIF as either uniform or nonuniform. Uniform DIF exists
when there is no interaction between ability level and group membership. Therefore, the
probability of answering the item correctly is greater for one group than the other uniformly
over all levels of ability (Swaminathan & Rogers, 1990). In contrast, nonuniform DIF
occurs when there is an interaction between ability level and group membership. Thus,
the difference in the probability of a correct answer for the two groups is not the same at
all ability levels (Swaminathan & Rogers, 1990).

Many different statistical procedures exist to identify DIF items. The most
theoretically preferred procedures are item response theory (IRT) based. IRT procedures
involve determining the parameter(s) of the item characteristic curve (ICC) which
represents the probability of responding correctly as a function of increasing ability (Hills,
1989). Although IRT approaches were theoretically preferred by most researchers during
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the 1980s, drawbacks to IRT continue to exist. IRT methods require relatively large
sample sizes to produce stable estimates of parameters (Camilli & Smith, 1980). Complex
computer programs mean that IRT methods are not cost effactive for identifying DIF.
Furthermore, most IRT procedures do not have an associated test of significance. As a
result of these drawbacks, researchers began searching for non-IRT methods that could
identify DIF items to the same degree as IRT methods.

Presently, two DIF identification methods have been identified which have aroused
much interest of measurement experts, Holland and Thayer (1986) proposed the use of
the Mantel-Haenszel (MH) procedure as an alternative to IRT methods in identifying DIF
for reasons of simplicity, availability of a significance test, relatively small sample size
requirement, and cost effectiveness. Sv;raminathan and Rogers (1990) advocate the use
of the logistic regression (LR) procedure for identifying DIF. The LR procedure, based on
the logistic regression model, takes into account the continuous nature of the ability scale
and is of use in identifying both uniform and nonuniform DIF (Swaminathan & Rogers,

1990).

in the following chapter a review of the literature related to the MH ahd LR

procedures is presented.



CHAPTER Il

LITERATURE REVIEW

A raview of the literature is presented beginning with a description of the Mantel-
Haenszel and the logistic regression procedures for identifying DIF. A review of the
research regarding the two procedures follows, concluding with a summary of the findings.

The purpose and specific research questions of this study are also presented.

The Mantel-Haenszel (MH) Procedure

The MH procedure was first proposed by Mante! and Haenszel {1959) for the study
of matched groups in the medical field. Holland and Thayer (1986) identified the MH
procedure as a measure of item bias or differential item functioning. The MH procedure
involves comparing examinees from two groups. Typically the group of interest (the focal
group) is compared to the larger group (the reference group) on eachitem in the test. The
item of interest is termed the studied item. Examinees from both groups are matched on
a criterion strongly related to performance on the studied item. Usually, the total test score
is used as this criterion, although other measures of the ability for which the item is
designed may be used along with measures of relevant experience or courses taken in the
area of interest. Once the matching criterion(ia) has(ve) been selected, data for the
studied item for the examinees in the reference group and the focal group are arranged
into a series of 2x2 contingency tables, one for each level of the matching criterion (see

Table 1).
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Table 1: Frequencies of responses of focal and reference groups at a given ability

level. (Holland & Thayer, 1986)

Response on the studied item
Groups Correct (1) incorrect (O) Total
Reference Group (R) A B, Ny
Focal Group (F) G D, Ny
Total my, My T

in Table 1, T;is the total number of examinees in both the reference and focal
groups in the j* matched score interval; ngis the number of examinees in the reference
group whereas n;is the number of examinees in the focal group; A;and C;represent the
number of examinees who gave a correct response to the studied item in the reference
and focal groups, respectively; B;and D;represent the number of examinees who gave an
incorrect response to the studied item in the reference and focal groups, respectively, m,,
and my, are the total number of examinees who responded to the item correctly and

incorrectly, respectively.

The Mantel-Haenszel alpha (MH-alpha)

Using the contingency tables, the ratio of the odds for success of the reference and
focal group members is calculated for each score interval, weighted according to the
number of individuals in that interval. The MH statistic is calculated by taking an average
of these odds ratios across the criterion (score scale). This common odds-ratio of

success, known as MH-alpha, can be defined as follows:
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MH-alpha can also be defined using probability notation:

Py Pu_ Pefn gorang .k
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where pgand qg are the probabilities of answering the item correctly and
incorrectly, respectively, for reference group examinees in the * interval;
similarly, ps and qg are the corresponding probabilities for focal group

examinees.

This ratio has a scale of 0 to infinity. When o= 1, the odds for success on an
item are the same for the reference and focal groups; therefore, DIF is not identified.
When the odds for success on an item differ substantially between the reference and focal
groups, DIF is identified. When a,,, is greater than 1, the likelihood that reference group
members got the item correct exceeds the correspording likelihood for comparable focal

group members. When dy is less than one, the item favours the focal group.

The Mantel-Haenszel chi-square (MH-CHISQ)
A chi-square test of significance is associated with o, Using the same

prababilities defined above, the MH chi-square tests the foliowing null hypothesis:
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H, 1 for all j=1,....k

versus

/
H, : Pr’ 9% .4 forall jo1,..k
Pe; | Gy

The hypothesis being tested is that all the odds ratios across the matched set for
a given item are unity. The MH chi-square for testing the hypothesis that oy, =1 has the

form:

(IZA, - ZEA)| -1/2)°
MH-CHISQ = —£ { —
ZVar(A.,)
]

where

E(A]) = nﬂlmul T!
and

VarA) = ______"Rflrf" 1y
TATA1)

A significant MH chi-square statistic suggests that the item functions differently for
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the two groups of examinees. Under the Hythe MH chi-square has an approximate chi-
square with one degree of freedom. The alternative hypothesis is nondirectional,

consequently, the MH chi-square can identify DIF that favours either subgroup.

The Mantel-Haenszel Delta (4,,,) and Mantel-Haenszel-Z (MH-Z)

Holland and Thayer (1986) proposed taking a log transformation of a,,, to put it
onto a symmetric scale in which O is the null value. This log transformation, known as Ay,
was suggested by Holland and Thayer (1986) to put ciy, on a scale similar to the scale of
differences in item difficulty used by the Educational Testing Service (ETS). The ETS
delta scale (=13, SD=4) results from a linear transformation of which is astimated from
a classical definition of item difficulty, p. A log transformation is used to put oy on the

ETS delta scale with zero as the null value:

A,y = ~(411.7) Ina,,) = -2.35 In(at,,)

The value of A, is the average amount more difficult an examinee in the reference
group found the item than did comparable examinees in the focal group. Negative values
of A, correspond to items that the reference group found easier on average than did
comparable focal group members. When &y,is positive, the item is easier for focal group
members. For medium difficulty items, a A, of 1 indicates a difference in item difficulty,
p, of about .10. The 4, provides a measure of the magnitude anc. direction of DIF in

studied items in terms of the deita scale of item difficulty employed by ETS.
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A z-score distribution: has a mean of zero and standard deviation of one. Since Ay,
has a standard deviation of 4, the A,,, scale and a z-score scale have standard deviations
in the ratio of four to one. A, can therefore be expressed in terms of a scale of z-scores

by simply dividing by four, which produces the MH-Z:

MH-Z = -(11.7) In(a,,)

Both A,,, and MH-Z have a value of O under the null hypothesis and give a measure of
the direction and magnitude of DIF in the studied item. A, provides a measure in terms
of the ETS difficulty scale whereas, the MH-Z does so in terms of a z-scale. Thus, for
medium difficulty items, an MH-Z of .25 indicates a difference in item difficulty, p, of about
0. I MH-Z<0, the reference group perfbrmed better than the focal group. If MH-Z>0, the

focal group performed better than the reference group.

The Logistic Regrassion (LR) Procedure
Based on the logistic regression model, the LR procedure takes into account the
continuous nature of the ability scale and can be used to identify both uniform and
nonuniform DIF (Swaminathan & Rogers, 1990). The probability of a correct response to

an item from given independent variables is predicted by the logistic regression model as

follows:

e (By+By0)

[1+0 %89

Plu=118) =
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where v is the response to the item, 6 is the observed ability of an individual,

B, is the intercept parameter, and B, is the slope parameter.

By specifying separate equations for the two groups of interest (reference and focal)
the logistic regression model given above can be used to model differential item

functioning:

e (501’511911)
[1+0 PPy

Pluy = 116) = =1,.... j=1.2.

where y, is the response of person i in group jto the item, By, is the intercept
parameter and By, is the slope parameter for group i, and 8, is the ability of

individual i in group j.

No DIF is present if the logistic curves for the two groups are the same; that is, if
Bot = Byz and By, = Biz. When By = By, but By » e, the curves are paraliel but not
coincident and hence uniform DIF is present. When By, = Boe but Byy * B4z, the curves are
not paraliel and hence nonuniform DIF is present (Swaminathan & Rogers, 1990).

Nonuniform DIF is also present if By, » By, and By # Bya.

As with the MH procedure, the LR procedure also uses a chi-square test of

significance to test the hypothesis of no DIF:

Ho= Boy = Bpe and By = Bs2
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The resulting statistic is a chi-square with two degrees of freedom. In this case, the LR
procedure does not differentiate between uniform and nonuniform DIF.

The LR prosedure can also be used to test the hypothesis of no DIF against the
hypothesis of uniform DIF and the hypothesis of nonuniform DIF separately. This results
in two chi-square statistics each with one degree of freedom, for uniform and nonuniform

DIF respectively.

Studies of the MH and LR Procedures

Many researchers in the area of DIF have investigated the MH procedure for
identifying biased items. In recent studies, researchers have compared the MH procedure
to other DIF identification procedures, namely IRT methods. As well, researchers have
manipulated variables to determine the effectiveness of the MH procedure. Some
variables of interest are sample size, test length, item discrimination, item difficulty, and
choice of criteria for matching subjects. More recently the LR procedure has emerged in
the literature as another method for identifying DIF. Many researchers are still studying
the implications of the LR procedure, particularly, its agreement with the MH procedure.
in the following studies, the MH procedure is examined. In some studies, variables are
manipulated in order to compare the rates of DIF detection between the MH and LR
procedures.

Mazor, Clauser, and Hambleton (1991) used simulated data to investigate the effect
of sample size on the performance of the MH procedure. A three parameter logistic mode!

was used. Three data sets of 2000 examinees each were generated to aliow for
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comparisons of groups with equal ability, and of groups where the focal group was less
able. Examinee ability in all three data sets was normally distributed with a standard
deviation of 1. The first two data sets represented the Reference Group 1 and Focal
Group 1 and had distributions with a mean of O to allow for comparisons between groups
with equal ability distributions. To allow for comparisons between groups with unequal
ability distributions, the mean for the third distribution, Focal Greup 2, was set at -1.0.

Five different 75 item tests were generated each having 58 common non-DIF items.
Eighty DIF items were generated (five groups of 16 items) to combine with the 59 non-DIF
items to comprise each 75 item test. Each group of 16 DIF items had four levels of item
discrimination (a): .25, .60. .90, and 1.25 crossed with four differences in b between the
reference and focal group: .25, .50, 1.00, and 1.50. These differences in b simulated
various degrees of DIF. Finally, five values of b were used for the reference group (-2.5,
1.0, 0, 1.0, and 2.5); one for each group of 16 items. Within the entire set of 80 DIF items,
each level of b was completely crossed with each level of a and with each difference in b-
value. The c value was held constant at .20.

The MH coefficient was computed for sample sizes of 2000, 1000, 500, 200, and
100 examinees in both the reference and focal groups. In order to minimize the impact of
chance variability, the 500 run was replicated once for each set and the 200 and 100 runs
were replicated twice. Results were reported at the .01 leve! of significance.

The percentage of DIF items correctly identified decreased as the sample size
decreased. With sample size of 2000, 64% and 74% of the DIF items were correctly

ider*fied for the unequal and equal ability distributions, respectively. However, with
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sample size of 100, this decreased to 9% and 18% respectively. DIF identification rates
were consistently higher with equal ability distributions as compared to unequal ability
distributions.

ltems with low a values were rarely identified, requiring larger sample sizes and
greater differences between the two groups on item difficuity. Very difficult items were also
rarely flagged by the MH procedure since very few examinees actuatly got these difficult
items correct. Items with larger b differences (more DIF) were more likely identified than
those with smaller b differences.

Of practical concern is the amount of DIF missed with smail sample sizes. The
authors believe that the results of the MH procedure are questionable at small sample
sizes Only where the most markedly DIF items are a concern would sample sizes of 200
be considered adequate. The authors recommend using sample sizes of at least 1000.

In a similar study, Clauser, Mazor, & Hambleton (1991a) sxamined the effects of
changes in item difficulty (b), item discrimination (a), and amount of simulated DIF on the
pe-i'formance of the MH procedure. This study differed from the one above (Mazor,
Clauser, & Hambleton, 1991) in that sample size was not changed, but rather, set at 1000
for both groups. In particutar, the authors were interested in determining the statistical
characteristics of items with known DIF that were undetected by the MH procedure. Five
75-item tests (16 DIF items, 59 common non-DIF items) were used varying item difficulty
and discrimination for the 16 DIF items as above (Mazor, Clauser, Hambleton, 1991).
Equality of ability distributions was also studied as above. Thus, there were potentially 80

DIF items that could have been correctly identified by the MH procedure.
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At the .01 level of significance the MH procedure identified 49 of the 80 items that

had some level of simulated DIF. Results showed that as the difference in the difficulty for
focal and reference groups increased, the probability that the item would be identified as
DIF increased dramatically. Increases in item discrimination also increased the likelihood
of DIF identification. A felationship between item difficulty and discrimination was most
apparent. Low discrimination was associated with low MH chi-square values even when
the difference in item difficulty was large. Highly discriminating items produced high MH
chi-square values when compared across various item difficulty values. Results also
indicated that the MH procedure did not detect DIF in the most difficult items as there were
too few examinees at the upper end of the ability distributions. Thus, the effect of high
item difficulty was limited to the extreme upper range of the ability scale. Furthermore, the
MH procedure was more sensitive with groups of equal ability distributions. The continued
use of the MH procedure for DIF identification was supported.

Clauser, Mazor, & Hambleton (1991b) investigated the effectiveness of the MH
procedure in detecting DIF tes_t items while varying the matching criterion. The results of
the MH statistic were corﬁpared across different criteria. The authors predicted that by
systematically grouping the test items into different subtests and then using these various
subtest scores as the matching criterion, the effectiveness of the MH procedure in
identifying DIF would be influenced.

Data for the study came from the 1982 administration of the New Mexico High
School Proficiency Exam, with responses of 23,000 students to 150 test items. Two

groups were selected for comparison: 8,000 Anglo-American and 2,600 Native American
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students. A random sample of 1,000 examinees each was selected from both Anglo-
American and Native American subjects.

For the combined sample of 2,000 examinees, items with very low discrimination
and low difficulty were removed. The authors argued that there was little merit in analyzing
test items for DIF if the items were contributing very little to the test score variability. This
left a total of 91 items which were divided into three subtests. Items were randomly
assigned to tests with the stipulation that each test contain 75 items and each item be
represented in at least two of the three tests. The MH procedure was then carried out for
each of these three tests, separately, using the 75 item test score as the matching
criterion. ltems were identified as DIF only if they were identified as DIF in all of the tests
in which they appeared. .

Next the items were categorized as belonging to one or more subtest based on
skills required to answer the items correctly: Math (27 items), Reading (15 items), Prior
Knowledge (49 items), and Charts (19 items). The first three skill subtests were mutually
exclusive, whereas items in the Charts subtest were coded in one of the other skill
subtests as well. Using the skill subtest score as the matching criterion, the items were
tested for DIF.

Finally, three additional subtests were constructed by randomly assigning each of
the 91 items to one of three subtests with test lengths approximately equai to the skills
subtests formed. This resulted in three control subtests of 30, 31, and 30 items. The items

were again tested for DIF using the control subtest score as the matching criterion. The
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authors could now evaluate the extent to which a reduction in the number of items
analyzed would affect the MH procedure.

Based on three runs of the MH computer program analyzing the 81 items (randomly
assigned to three tests of 75 items each), 22 items met the conditions of DIF between the
Anglo-American and Native American groups. When the four skill subtests (Math,
Reading, Prior Knowledge, and Charts) were analyzed, a number of changes in the MH
results were observed. One third of the DIF test items (7 of 22) ceased to be DIF when
analyzed within the skills subtests, whereas 10 previously non-DIF items were now
identified as DIF. The authors' hypothesis was su;;poned in that changes in item grouping
affected the results.

The three randomly selected contro!l subtests of 30, 31, and 30 items, which
provided subtests similar in numbers of items to the skill subtests but without the
constraints on the skills measured, were analyzed for DIF. All of the 22 items previously
identified as DIF with the larger test, continued to be identified in the control subtests. A
less easily predicted phenomenon was also noted as a result of the subtest runs: 12 items
previously not identified as DIF with the larger test were identified in the control subtests.
This was not expected.

in summary, the authors suggest that test developers using the MH procedure to
assass ftem bias in tests should be cautious in interpreting the results. It appears that the
context in which items are studied can influence the results. As well, the results show that

as the length of the test decreased, the number of additional items identified as DIF
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increased. Further research is needed to determine the extent to which these results can
be generalized to other test data and to provide a theoretical explanation of the results.
Miller and Oshima (1992) used a two-stage procedure for estimating DIF with the
MH procedure and with six IRT indices inciuding the signed area (SA) and unsigned area
(UA), the signed and unsigned sums of squares (SSOS and USOS), and the weighted
signed and weighted unsigned sums of squares (WSSO0S and WUSOS). The authors
varied the sample size, the number of DIF items, and the magnitude of DIF. The two
levels of sample size for the reference and focal groups respectively were 1000/1000 and
1000/300. Forty item tests were simulated with four levels of the percentage of DIF items:
5%, 10%, 20%, and 40%. The magnitude of DIF was measured by the difference in the
b values between the reference and focal groups: small DIF (b difference of .20),
moderate DIF (b difference of .35), and mixed DIF (b difference of .20 and .35). Baseline
estimates of all the statistics were used to decide whether an item had DIF or not. An item
was identified as DIF if it exceeded the mean plus two SDs from the distribution of indexes
in the baseline comparison. In Stage 1 of the procedurs, items were compared to the
baseline conditions. In Stage 2, the DIF items from Stage 1 were removed and the
baseline procedure was followed on the reduced set of items. Essentially the two-stage
procedure involved identifying DIF, then removing the DIF items and reestimating the DIF.
Of interest here is the performance of the MH procedure. The MH procedure
identified moderate DIF as well as the IRT indices did, and the MH statistic identified fewer
false positives across all conditions. However, the MH procedure was not as powerful as

the IRT indices in identifying items with small DIF. As expected, the IRT procedures and
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the MH procedure identified more moderate DIF items than small DIF items. For the equal
sample size run (1000/1000), as the percentage of moderate DIF items increased, the
number of DIF items identified by the MH procedure increased proportionately. Since
Stage 2 identified very few additional DIF items when the number of DIF items was small
and the magnitude of DIF was weak, the authors concluded that the two-stage procedure
for DIF identification may be less useful than single-stage procedures when identifying
ethnic, race, or gender bias.

Donoghue and Allen (1993) examined the effects of the matching variable on the
identification of DIF with the MH statistic. Thin matching implied matching subjects on
each value of the criterion variable, for example, matching on total test score. Thick
matching involved restricting the number of raw score categories to create fewer intervals.

Six independent variables were manipulated in the study: amount of DIF (no DiF,
DIF favouring the reference group), method of forming the matching variable (11 levels),
test length (5, 10, 20, and 40 items), sample size RG/IFG (3007100, 600/200, and
1200/400), item discrimination (0.3, 1.0, and 1.5), and item difficulty (-1.5, -1.0, -0.5, 0.0,
0.5, 1.0, and 1.5). Each test was replicated 20 times. Since the study was exploratory in
nature many observations (up to 27,720) were made as each of the six independent
variables was crossed with each other in order to determine whether thick matching might
provide an advantage over thin matching.

In general, the results were as follows. Thick matching improved the performance
of the MH procedure for short tests (5 to 10 items) whereas thin matching tended to

increase the rate of faise positives. However, for long tests (40 items), especially, with
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adequate sample sizes (1600/400), thin matching yielded the best results compared to any

thick matching method examined.

In developing the thick matching methods, Donoghue and Allen (1993) created
intervals of the total score. The authors suggest that perhaps using auxiliary information
in addition to the total score may be seen as a finer degree of matching than matching on
total score alone. Mgtcl*ning the examinees on other information as well as test score may
improve the degree of matching and should help to eliminate some items identified as DIF.

Indeed, the use of auxiliary information in determining the matching variable was
studied by Zwick and Ercikan (1989). The authors hypothesized that the number of DIF
items would decrease when auxiliary information was used in addition to the test score to
match subjects.

Data came from the 1986 Naﬁonal Assessment of Educational Progress (NAEP)
survey. In particular, DIF analyses were based on the U.S. History Assessment
administered to a nationa! sample of 7,743 Grade 11 students. There were four U.S.
History blacks (subtests) consisting of 34 to 36 cognitive items each. Within each of the
four history subtests, DIF analyses were conducted to compare the performance of males
and females, whites and blacks, and whites and Hispanics using the subtest score as the
criterion. Sample sizes of the five groups varied slightly among the four History blocks,
H1 to H4, as follows: males (964, 945, 935, and 1018), females (948, 984, 975, and 933),
whites (1375, 1365, 1346, and 1410), blacks (321, 330, 306, and 308), and Hispanics
(198, 168, 201, and 185).
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The history items were classified into three categories (A, B, or C) according to the
ETS rules which use the Mantel-Haenszel delta difference (A,,) to identify DIF. ‘A’ items
were considered to be free of DIF (A, absolute value less than 1). 'B' items have some
DIF but could still be used as test items (A, absolute value between 1 and 1.5). 'C' items
should be avoided as test items (A, absolute value greéter than 1.5).

The following results occurred when the subtest score alone was used as the
matching variable. For the male-female analysis, five items were classified as 'C' items:
four items favoured males and one item favoured females. Twenty-five items were
classified as ‘B’ items: 12 items favoured males and 13 items favoured females. In the
white-black analysis there were three 'C' items, each favouring blacks. Of the 228’ items,
15 favoured whites and seven favoured blacks. In the white-Hispanic analysis one 'C’ item
was present favouring Hispanics. Ten ‘B’ items favoured Hispanics while 15 'B' items
favoured whites.

After the initia! identification of DIF items, subjects were classified according to the
number of historical periods they claimed to have studied (Periods of Study). The number
of Periods of Study had a strong relationship to overall performance on the NAEP history
assessment. By matching of Periods of Study as well as score, examinees should be more
closely matched. As such, the authors expected that this refinement in matching would
produce fewer items showing DIF.

Results of the second analysis were nearly identical to the first analysis. As such,

the more refined matching procedure produced at least as many DIF items as did matching
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on score alone. The authors concluded by suggesting reasons why these unexpected
results occurred.

Beginning with Swaminathan and Rogers (1990), in the next group of studies the
performance of the MH and LR procedures is compared. Swaminathan and Roegers (1990)
presented a logistic regressicn model for characterizing differential item functioning
between two groups as outlined earlier. Included in their study was a comparison of the
LR and MH procedures across sample size, test length, and the nature of DIF. |

The authors generated data for six conditions, resulting from two levels of sample
size (250 per group and 500 per group) with three levels of test length (40 items, 60 items,
and 80 items). Within each test 20% of the items showed DIF, half with uniform DIF and
haif with nonuniform DIF. The nonuniform DIF simulated represented disordinal interaction
between ability and group membership. The LR and MH procedures were compared with
respect to the percentage of items that was correctly identified énd the percentage of false
positives.

For the items with uniform DIF, the two procedures had similar detection rates; the
MH procedure had a slight advantage. Uniform DIF was detected with 75% accuracy by
both procedures in samples of 250; while in samples of 500, DIF was detected with 100%
accuracy by both LR and MH procedures. Furthermore, the LR procedure detected
nonuniform DIF with 50% accuracy in small samples with short tests and with 75%
accuracy in large samples with long tests. The MH procedure was unable to detect

nonuniform DIF under any condition. The MH procedure performed better than the LR
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procedure in terms of false positives producing 1% false positives in all conditions
compared with 1% to 6% false positives for the LR procedure.

in summary, the authors show that the LR procedure is as powerful as the MH
pracedure in detecting uniform DIF and more powerful in detecting nonuniform DIF of a
disordinal nature. According to Swaminathan and Rogers (1990) the main advantage of
the LR procedure is that it provides a model-based approach for studying DIF and
therefore may be more helpful in determining the nature of DIF than the MH procedure.

In further research, Rogers and Swaminathan (1993) implemented two simulation
studies to observe the effectiveness of the LR and MH procedures for detecting DIF. The
distributions of the test statistics were examined in the first study; in the second study, the
relative power of the two procedures to detect uniform and nonuniform DIF was
investigated.

In their investigation of the distributions of the LR and MH statistics, two factors
were manipulated, sample size and the degree of model-data fit. Two levels of modal-
data fit ("good” fit and "poor” fit) were crossed with two leveis of sample size (250/250 and
500/500). Good fit data were generated using a two-parameter IRT model, whereas, a
three-parameter IRT model was used to generate poor fit data. Response patterns were
generated from a 40-item test with item parameters selected to produce an approximately
normal distribution of test scores. The same itemn parameters were used for each group;
hence, all itams were unbiased. For each combination of model-data fit and sample size,
100 replications were performed. Of the 40 items, five were chosen to vary in level of

difficulty and discrimination. For each of these five items, the LR and MH test statistics
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were calculated, and empirical sampling distributions were constructed. The Kolmogorov-
Smimov test was used to determine if the test statistics had the expected distributions.

Overall, the distributional assumptions of both procedures were met to a satisfactory
degree. The one exception that occurred with the LR procedure was with an item of high
difficulty and high discrimination. The authors concluded that the distributional
assumptions of both procedures were met.

In the power study Rogers and Swaminathan (1993) manipulated factors that were
assumed to affect the power of the LR and MH procedures. Thirty-two conditions were
simulated by crossing two levels of model-data fit ("good" fit and “poor” fit), two levels of
sample size (250/250 and 500/500), two levels of test length (40 items and 80 items), two
levels of the shape of the test score distribution (normal and negatively skewed), and two
levels of percent of items with DIF (15% including the item of interest and 0% other than
the item of interest). Within each condition, Both uniform and nenuniform DIF were
simulated. Four sizes of DIF were studied with area values of .2, .4, .6, and .8 for each
type of DIF in each condition.

Results supported the hypothesis that both the LR and MH procedures were almost
equally effective in detecting uniform DIF. The LR procedure was more effective than the
MH procedure in identifying nonuniform DIF. The MH procedure was sensitive only to DIF
that is approximately constant across all trait levels; whereas, the LR model was sensitive
to DIF of a more general nature. Larger samples increased the DIF detection rates, as did
l&ger sizes of DIF. For both procedures, test length and shape of the score distribution

did not appear to affect the detection rates.
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Brown (1992) examined the issue of sample size in DIF detection over replications
using both the MH and LR procedures. Data for the study came from the 1988 Reading
and Written Expression assessments used to test approximately 100,000 British Cotumbia
students in grades 4, 7, and 10. The Form M Achievement Survey item responses were
used. Twenty test items assessed literal comprehension and 16 test items assessed
inferential comprehension.

Responses of 33,809 grade four public school students formed the dataset. The
student population was examined on the basis of two cultural factors, gender and regional
location. Various comparison groups were used in this study to create a variety of
conditions under which the detection rates and effects of sample size for the MH and LR
indices could be studied. All comparison groups were created by randomly selecting
cases by gender and/or region across six levels of sample size: 1000/ 000, 750/750,
5007500, 300/300, 200/200, and 100/100 examinees per group.

Replications were carried out at each sample size where sufficient numbers were
available. 'Items were flagged as statistically significant (p<.05) by the MH chi-square, LR
uniform, and LR nonuniform chi-square procedures. These items were then reviewed and
classified as DIF items according to prespecified standards.

Overall, the DIF detection rates were low for the MH and LR indices. Agreement
between the MH chi-square and the LR uniform chi-square statistics in identifying items
with DIF was high. The detection rates of both the MH and LR procedures were affected

by sample size. Larger sample sizes had larger DIF detection rates.



26
Using real data from the ACT Assessment, Pang, Tian, & Boss (1994) examined the

consistency of the MH and LR statistics across different sample sizes using either total test
score or subtest score as the criterion over replications. The study was carried outon a
population of Caucasians (107,502 females and 75,854 males) who wrote the ACT
Assessment (Form 39B) in 1989. Item responses to the Mathematics test formed the data
used in the study. The Mathematics test includes three subtests: Elementary Aigebra (24
items, Subt1), Intermediate Algebra/Coordinate Geometry (18 items, Subt2), and Plane
Geometry/Trigonometry (18 items, Subt3). Four sample sizes (1000/1000, 500/500,
2501250, and 100/100) were used for each procedure. Thirty replications were carried out
under each combination of sample size and criterion.

The authors classified DIF into three levels: Definite DIF, Probable DIF, and
Possible DIF. Based on the sample size of 1000, items with a mean value of MH-Z equal
to or greater than an absolute value of .25 were classified as Definite DIF; items with an
absolute mean value of MH-Z between .20 and .25 were classified as Probable DIF; and
items with an absolute mean value of MH-Z as large as .15 but less than .20 were
classified as Possible DIF.

Using the total test score as the criterion, thirteen items were identified as uniform
DIF and two as nonuniform DIF: four Definite DIF, four Probable DIF, and seven Possible
DIF. For the fifteen DIF items identified, the identification rates for each procedure
increased markedly as the sample size increased for both total test score and subtest

scores, indicating a strong effect of sample size. The authors suggest that to detect
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Definite DIF a minimum sample size of 500 is necessary. For Probable and Possible DIF,
a sample size of 1000 would be desirable.

Furthermore, the MH and LR procedures showed very simitar detection rates for
uniform DIF. LR proved to be slightly more powerful than MH in detecting uniform DIF;
however, this effect was greater for small sample sizes.

When the criterion variable was examined, the performance of the two procedures
was affected. In general, the detection rates and MH-Z decreased when the subtest score
was used as the criterion. For two nonuniform DIF items, using the subtest score as the
criterion drastically decreased the rate of DIF identification.

in summary, the authors concluded that the MH and LR procedures are virtually
exchangeable in identifying uniform DIF. Nonuniform DIF was identified much less than
uniform DIF. Because of the short subtest length, the effects of choosing different criterior:
variables are not clear. Observed changes in DIF identification rates may have been due
to the subskills measured by the subtests or perhaps due to the short test length. More
research in the area of matching criteria is needed.

In another study Tian, Pang, and Boss (1994a) examined the consistency of the MH
and LR procedures across sample size and over replications. The same data set as above
(Pang, Tien, & Boss, 1994) was used in this study with responses to the English (st being
analyzed. The 75 item English test is divided into two subtests‘:' Usage/Mechanics (40
items) and Rhetorical Skills (35 items). Five levels of sample size (100/100, 250/250,
500/500, 1000/1000, and 2000/2000) were selected for comparisons between the

reference group (females) and focal group (males) respectively. The MH ard LR
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procedures were first applied using total test score as the matching criterion then repeated
using the subtest score as the matching criterion. Thirty replications were performed for
each combination of sample size and matching criterion. Using the mean value of MH-Z
from the 30 replications, items were classified as either Possible DIF, Probable DIF, or
Definite DIF as outlined above (Pang, Tian, & Boss, 1994).

The results indicated that sample size had an effect on the MH and LR procedures.
As the sample size increased, the power of the two procedures improved substantially.
Using the subtest score as the criterion did not change the results of the MH and LR
procedures much. The same items were identified as when the total test score was used
as the criterion. In general, the agreement between the MH and LR procedures is very
high across sample size and criterion variable. The LR procedure detected DIF somewhat
more often than the MH procedure, but also had a slightly higher false-positive rate. In
order for the procedures to perform reliably, the authors suggest sample sizes of at least
500 to 1000.

In a similar study Tian, Pang, and Boss (1994b) investigated the effects of sample
size and criterion variable on the MH and LR procedures using data from a reading test.
The same data set was used as above (Tian, Pang, & Boss, 1994a). The 40 item Reading
Test is divided into two subtests: Reading Arts/Literature (20 items) and Reading Social
Studies/Science (20 items). As above, males were the focal group and females were the
reference group. Thirty replications were completed for each comparison of sample size
(100/100, 250/250, 500/500, and 1000/1000) and criterion variable (total test score and

subtest score). Classification of DIF items followed the guidelines above.
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As in their previous study, sample size was observed to have a strong influence on
the MH and LR procedures. As the sample size increased the power of both procedures
to detect DIF increased. In general there was very high agreement between the MH and
LR procedures in identifying DIF across sample sizes. However, as sample size
decreased, the discrepancy between the two procedures became larger with the LR
procedure having slightly larger detection rates.

The choice of criterion variable, total test score or subtest score, had a substantial
effect on the identification of DIF items. Eleven items were identified as DIF using total
test score as the criterion. Using subtest score as the criterion, five items fell into a
different category of DIF and five new items were identified. Upon closer analysis of the
Reading Test and its subtests, the authors suggest the multidimensionality of the test was
probably the cause of these resuilts.

The results support Tian, Pang, and Boss (1994a) in that the agreement between
the MH and LR procedures in the identification of DIF items is very high across sample

size and over replications.

Summary of Findings
in all of the studies examined above, the effect of sample size on the performance
of the MH and LR procedures remained constant. An increase in sample size has been
shown to increase DIF identification with both the MH procedure (Mazor et al., 1991; Miller
& Oshima, 1992) and the LR procedure (Swaminathan & Rogers, 1890; Pang et al., 1994).

Increasing the sample size increases the power of many statistical procedures; therefore,
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the present finding was easily predicted. However, researchers continue to examine the
effect of sample size in order to determine the lowest possible value that will adequately
detect DIF. Tian, Pang, and Boss (1994a) suggest that a minimum sample size of 500 to
1000 be used for DIF identification. More information regarding sample size can be
gained by examining the interaction of sample size with other variables such as
percentage of DIF present, test length, or effect size.

Poorly discriminating items were least likely to be identified with the MH proceduré
(Mazor et al., 1991; Clauser et al., 1991a). Very difficult items were also least likely to be
identified with the MH procedure (Mazor et al, 1991; Clauser et al., 1991a). in these
cases, however, the items were made more difficult for the focal group. Perhaps, had the
direction of DIF been reversed, different results may have occurred. Difference in p-values
between the reference and focal groups may be more important than the differences in b.

By increasing the differencs in the b values of the reference and focal groups, the
amount of DIF for the given item is increased. Increasing the amount of DIF (effect size)
has been shown to increase the rate of DIF detection with the MH procedure (Mazor et al.,
1991; Clauser et al., 1991a; Miller & Oshima, 1992). In these studies, the amount of DIF
was measured by the difference in the b values rather than the difference in the p-values
between the reference and focal groups. Due to the nature of the normal curve, a
difference in b of .6 has a different impact depending on the b value of the reference group
and the item discrimination. For example, if the b value for the reference group was -.5,
the b value for the focal group would be .1 corresponding to a difference in p-values of

061 and .117 for a values of .3 and .7, respectively. If the b value for the reference group
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was .5 and therefore, 1.1 for the focal group, the difference in p-values for g values of .3
and .7 would be .056 and .103. Therefore, a given b-value difference has a different effect
depending on the combination of a and b values. This difference in p-values has been
examined in very few studies.

Miller and Oshima (1992) reported that as the percentage of DIF items in a test
increased, the identification of these items by the MH procedure increased proportionately.
This result was found to hold true for items of moderate DIF only. Conversely,
Swaminathan and Rogers (1993) found that the detection rate of uniform DIF with the LR
procedure actually increased from 70% to 76% when the percentage of DIF dropped from
15% to none other than the item of interest. The percentage of DIF did not affect the MH
procedure (Swaminathan & Rogers, 1993).

in comparing the performance of the MH and LR procedures, researchers have
generally found very high agreement rates (Swaminathan & Rogers, 1990; Swaminathan
& Rogers, 1993; Brown, 1992; Pang et al,, 1984). The LR procedure can identify both
uniform and nonuniform DIF, whereas, the MH procedure can only identify nonuniform
DIF when b departs considerably from 0. Tian, Pang, & Boss (1994a, 1694b) reported that

the LR procedure produces slightly more false positives than the MH procedure.

Purpose of the Study
The purpose of this study was to examine the performance of the MH and LR
procedures and their agreement in the identification of uniform DIF over replications with

simulated data. Specifically, the following research questions were examined
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Do b value difference and p-value difference effect DIF detection rates and
which provides the best measure of effect size?

Does sample size effect DIF detection rates and what size of sample is
needed for different kinds of items?

Does item discrimination effect DIF detection rates?

Does item difficulty effect DIF detection rates?

Does the percentage of DIF items in the test effect DIF detection rates?
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CHAPTER il

METHODOLOGY

The methodology for the study is presented in this chapter. The chapter is divided

into three sections: variables, data generation, and data analysis.

Variables

The performance of the MH and LR procedures was examined through manipulation
of the following variables: sample size, percentage of DIF items, item discrimination (a),
item difficulty (b), and effect size.

ample Size

Using the revised DATAGEN program (Carlson, 1983), two data sets were
generated to allow for comparisons between groups with equal ability distributions. These
two examinee data sets comprised the Reference Group (RG) and the Focal Group (FG),
each with a normal distribution of ability scores set to a mean of 0 and a standard deviation
of 1. Infew studies has there been an examination of the performance of the MH and LR
procedures with sample sizes less than 500, yet test developers must often use small
samples to validate their tests. For these reasons, five levels of sample size for the
reference and focal groups were used: 100/100, 200/200, 400/400, 600/600, and 800/800.

ramete
A 66 item test was generated (see Table 2). Item discrimination (a) was set such

that the first 22 items had an a of .3 followed by 22 items with an a of .5, and 22 items with
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an aof .7. These values represent biserial correlations (p) of approximately .29, .45, and

57, respectively (Crocker, & Algina, 1986, p. 351) and are, therefore, within a typical

range for items in real life tests.

Table 2: The a parameters and b parameters for each item on the simulated 66 item

test used in the study.

ttem 1 b ttemn 2 b tem 1 b

# RG ¥ RG # RG
1 03 48 |22 05 49 |45 0.7 18
2 0.3 47 |24 05 47 | 48 07 A7
K] 03 45 |25 05 45 |47 07 45
4 0.3 13 |28 05 43 |48 0.7 1.3
5 0.3 4.1 27 0.5 44 |49 0.7 1.4
8 03 08 |28 05 09 |50 07 098
7 03 27 |® 05 07 |51 0.7 0.7
g 03 L5 | 30 05 05 |52 0.7 05
9* 03 05 |3 05 05 |53 07 05
10 0.3 03 |32 05 03 |54 07 03
1 03 0.1 3 05 01 |55 07 0.1
12 03 0.1 34 05 0.1 56 07 0.1
13 03 03 |35 05 03 | S 0.7 03
14 0.3 05 g 05 05 | 58 0.7 05
15° 03 os |3r 05 05 |so 07 05
18 0.3 07 38 05 07 |60 0.7 0.7
17 03 0o |3 05 09 |61 07 09
18 03 14 40 05 14 62 0.7 1.1
19 03 1.3 | 4 05 13 | &3 07 13
20 03 15 |42 05 15 | &4 07 15
21 03 1.7 |42 05 17 |65 07 1.7
2 0.3 18 | 44 05 19 |66 07 19

* These items were targeted as DIF tems in the study of 9% DIF Kems,
** These fems were targeied as DIF ftemns in the study of 18% DIF #ems.

item difficulty (b) was set according to the following guidelines. Within each 22 item
block of equal item discrimination, 20 items had a different item difficulty. The first item in

each 22 item block had a b of -1.800 with each consecutive item having a b vaiue
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increased by 0.200. In each 22 item block there were two items witha b value of -0.500
and two items with a b value of 0.500. The pseudo guessing parameter (c) was held

constant at .15.

ercentage of DIF ltems

Two levels of percentage of DIF items in a test were examined. The percentage of
DIF items in the test was altered by doubling the number of DIF items. Therefore,
replications were completed for a test with approximately 9% DIF items (6 of 66) and for
a test with approximately 18% DIF items (12 of 66). Doubling the percentage of DIF items
involved changing six previously non-DIF items into DIF items. These six new DIF items
ware matched on all variables making them identical to the original six DIF items.

ffact Size

Effect size is a measure of the amount of DIF. The amount of uniforin DIF was
manipulated by increasing the item difficulty (b) for the focal group. This gave the
reference group an advantage. The difference in b between the focal and reference group
was used to induce DIF. Four levels of effect size (difference in b) were studied: .2, .4,
.6, and .8. DIF items were those with b = -0.5 and +0.5 for the reference group. The

variables studied are shown in Table 3.

Table 3: A summary of the variables that were manipulated in the study.

Level of Variables
24 val dms?éu combining
i | CHENE | % oy p e demcs
ltem Discrimination item Difficulty Effect Size
i b Differencein b

MH 100/ 100 9% 0.3 0.5 0.2
iR 200/ 200 18% 05 05 04

400 / 400 07 06

600 /800 08

800 /800
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The differences in b values reflect differences in proportion correct (p-values) as
shown in Table 4. P-value differences were used as a more accurate measure of effect
size since the p-value of each item was contingent on the a and b values for the item. The
following formula (Crocker & Algina, 1986) was used to compute the p-value for each item
for focal and reference groups.

b, - 20 M
Py
where: b, is the difficulty value for item g.
p, is the proportion correct measure of item difficulty for item g.
®Y(p,) is the z-score that cuts off the area p, to the leftof z
in the standard normal distribution.
P, is the biserial correlation between the scores on item g and
the latent trait scores; derived from a.
Since each p-value difference is a function of g, b, and difference in b between RG and
FG, 24 distinct p-value differences were derived from the three levels of a, two levels of
b, and four levels of b value difference. These 24 levels of p-value differences have been

given a reference number from 1 to 24 in order from lowest to highest (see Table 4).

Data Generation

Responses to the 66 item test were generated based on the three-parameter IRT

model, using the revised DATAGEN program (Carlson, 1883).
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Table 4: Effect on p-value difference of b value difference, b value, and a value.

p-value p-value
Kem ¥ ] a p 2.acore  pvalue  pwalue®  difference  difference
RG-FG  Reference#
eao .5 3 2 145 5508 8257
20831 -5 5 45 5 5010 8523
. | a3 s 7 & m  ea e
14815 5 3 29 -145 4404 5243
8837 5 5 A5 -225 4000 A0T?
582 58 5 7 57 285 3859 A780
840 -3 3 28 067 5359 18055 0202 2
FocalGroup | 20831 -3 5 AS 1435 5557 6223 06300 4
52853 -3 7 57 17 5675 8324 0206 7
am 14815 7 3 2 -203 4207 5076 0187 1
2 36837 7 5 A5 -345 3745 4883 0294 3
58450 7 7 57 -399 3448 A429 0351 5
849 -1 ) 2 020 5120 5852 .0405 8
FocalGroup | 20831 -1 5 45 045 5199 5919 0604 1"
52853  -d T 57 057 5239 5853 0767 15
b valua 14815 8 3 2 -261 974 AB78 0385 6
difference
A 6837 9 5 A5 -405 3400 4388 0578 10
58859 9 b 57 -513 3050 4093 0687 13
YY) 1 3 ) -020 4880 5648 0609 12
FocalGroup | 20831 A 5 A5 -.045 4801 5581 0842 18
52453 R 7 57 -057 4761 5547 1173 21
dm 14815 11 3 22 -310 3745 4683 0560 8
N W37 14 5 45 “ds 3085 4122 0855 17
£8459 1.1 T 57 -827 2643 3747 1033 19
889 3 3 22 -.087 AB41 5445 0812 16
Focal Group | 20831 3 5 45 -135 A443 5277 4248 2
52453 3 7 57 -7 4325 5176 1544 24
b value 14815 13 3 29 -an .3520 4402 0751 14
) WL 13 5 45 -585 2778 3860 117 20
885 13 7 57 741 296 3452 1328 23

T fral Bam Inciuded for test with 6 bitsed tems; both Rems inciuded for test with 12 bissed tems
* comeciad for guessing



Data Analysis

A program developed by Ackerman (1987) was used to estimate the MH indices,
while a program developed by Spray (1991) was used to estimate the LR indices. Spray's
program allows for the estimation of uniform and nonuniform DIF separately and therefore
employs two separate chi-square indices, each with one degree of freedom. Detection
rates were astimated for levels of significance set at .01 and .05.

A total of 100 replications was run for each combination of effect size and sample
size and for each percentage of DIF items (9% and 18% DIF). Within each combination
of effect size and sample size, all levels of item discrimination and item difficulty were
automatically crossed by design. Regression analysis was performed predicting MH
detection rates, LR detection rates, and 4,,,. Sample size, percentage of DIF items, and
item parameters were predictor variables for the models along with appropriafe
interactions. Results are also reported in percentage of correctly identified uniform DIF
items over the 100 replications. The false positive rates for the MH and LR procedures are

also reported.
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CHAPTER IV

RESULTS AND DISCUSSION

The results of the study are reported and discussed in this chapter. The results of
the regression analysis predicting MH detection rate, LR detection rate, and A, are
reported in the first half of the chapter. A summary of the effect of the variables on the DIF

detection rates and the outcome of the false positive analysis conclude the chapter.

Regression Analysis

In order to form conclusions about the impact of the variables on the performance
of the MH and LR procedures a regression analysis was done. In regression terms, five
models were generated predicting dependent variables as follows: MH detection rate at
the .05 level (MH ), MH detection rate at the .01 level (MH ), LR detection rate at the .05
level (LR ), LR detection rate at the .01 level (LR ), and Ay, Detection rate was the
percentage of uniform DIF items identified by the procedure over 100 replications and fAY
was the mean A,,, over 100 replications. The predictor variables for the models were p-
value difference (PDIFF), sample size (SSIZE), b value difference (BDIFF), percentage of
DIF in the test (DIF), a value (A), and b value for the reference group (RGB). Various
interactions between these variables were also examined.

Correlation coefficients (r) among all independent and dependent variables are

shown in Table 5. The MH and LR detection rates were highly correlated at both levels
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Table 5. Correlation matrix for the five dependent variables and six predictor
variables.
Pearson Product Moment Corretation (r)
MH  MH LR LR PDIFF  SSIZE BDIFF  DIF A RGB
peOt  pe05  pe<01  pe05 P s 8 0 A R
MHy,  1.000
MHy,  968° 1,000
LRy, 594 970" 1,000
LR H51° 993 967 1.000
Doy -7t T -T758* -T7* 1.000
POIFF  716° 73" 759" 784" .97 1000
SSIZE 530* 5600 485 515 -004 .000 1.000
BDIFF S 6190 68158 681 T4 851" 000 1.000
DIF -088 -086 -065 -068 08¢ 000 000 000  1.000
A J8s* 388 3830 3/ -540° Agr 00 .000 .000 1,000
RGB -070 -072 -080 -083 13 -102 000 000 000 000 1.000
* pe.Ot

of significance (fuo1-r01=-994) (funosiros=993). The detection rates were all highly

negatively correlated with A,,,. MH detection rate increases with larger absolute vaiues

of Ay since the simulated DIF favoured the reference group, A,y was negatively

cormrelated with MH detection rate. LR detection rate was correlated with 4, at a slightly

higher rate than was MH detection rate. PDIFF was highly correlated with all the

dependent variables, in particular Ay, ryp=-977. SSIZE was correlated with the detection

rates as was BDIFF and A. The independent variables that were significantly correlated

with the detection rates of both procedures were consistently ranked in the same order,

with PDIFF having the highest correlation with detection rates followed by BDIFF, SSIZE,

and A. BDIFF and A were also correlated with A, The percentage of DIF items on the

test (DIF) and RGB were not significantly correlated with the detection rates.
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in order to arrive at the most parsimonious regression models, an ali-subsets
regression analysis was performed for each dependent variable, using the six predictor
variables as above and 15 two-way interactions derived from all-possible predictor variable
interactions. Scatter plots of the residuals were completed for each model. None of these
plots showed any violation of the assumptions of normality, linearity, independence, or
equality of variances, Hence, the use of linear regression techniques was deemed
appropriate for the data sets.

The P values for the 6 one-variable models are shown in Table 6. PDIFF explained

Table 6&: Proportion of variance (r2) accounted for by the 6 one-variable models

predicting MH detection rate, LR detection rate, and Ay

? for Model
One Variable Models

MHx | MH, | LR LRy Do
POIFF P ST | 513 | 64 575° 954"
SSIZE s a3 | 2810 | 286 249* .000
BDIFF 8 383 | a3s3 | 4 are 508
DIF D 004 004 004 .008
A A 16 | a3 150° 147 292
RGB R 005 005 007 006 019*

~p<Oi

the largest amount of variance in all five models; MH g (%=.547), MH 5, (r%s=.513), LR s
(?=.614), MH, (%=.575), and A, (°z=.954). These values were quite high especially
for Ay

The six predictor variables resulted in 15 possible two-way interactions. These
interactions were tested using variable-by-variable tests as suggested by Darlington

(1990). When using variable-by-variable tests, one performs one test for all the
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interactions involving a single regressor and then corrects for the number of tests
performed. Six predictor variables resulted in six tests of interactions for each model.
Using the Bonferroni method, these tests were adjusted accordingly. R? changes between
the model with interaction terms and the model without interaction terms (P+S+B+D+A+R)

were tested (see Table 7).

Table 7: R? values for the variable-by-variable tests of all possible two-way

interactions predicting MH g5, MH 5, LR g5, LR 5, &nd Ay

Model MHy, | LRy | MHy | LRy Ay
P+S+B+D+A+R 865t | m.est | .eo34 | @332 | o757
P+S+B+D+A+R+P'S+PB+PD+PA+PR 0213 | G2 | Saog | S
P+S+B+D+A+R+5'B+5'D+S'A+SR+P'S m m F-?:*% éﬁv -:_'g‘g
P+S+B+D+A+R+B'D+BA+B'R+P'B+S'B e | 9200 908" o 9805
P+S+B+D+A+R+DA+D'R+P'D+S'D+B'D 8681 1 88 8055 | B3st o700
P+S+B+D+A+R+AR+PA+SA+BA+D'A -gjff; .3_9‘1_32' gﬁz Fﬂfﬁ' m
P+S+B+D+A+R+P'R+SR+B'R+D'R+AR ffﬁ g{ﬁ g?gg F&?g f_g;g
* Foza (p<.0017)

Results of the variable-by-variable tests indicated that interactions involving DIF
and RGB were not significant in predicting detection rates. Interactions involving SSIZE
and RGB were not significant in predicting A, Interactions involving other variables were
significant. Simple interaction tests were completed to test these specific interactions to

determine which to include in the model (see Table 8).
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Table 8: R? values for simple interaction tests involving PDIFF, SSIZE, BDIFF, and
A for the models predicting DIF detection rate and simple interaction tests

involving PDIFF, BDIFF, A, and DIF for the model predicting Ay,

Model MH LR MH,, LR By
P+S 8800 8785 T34 824
P+8+PS 5138 9141 0309 0201
Fa222.19° Feidd 2 FeT00.5%0* Falzr 2
P+B 5470 8141 5183 5780 0658
P+B+P'B 549 8185 5188 5807 9688
F=1.08 F=d 11 F=1.05 Fu2.40 F=2282*
P+A 5473 8145 5137 5764 5636
P+A+PA 5474 8151 5185 5805 9683
F=.070 Fu588 Fx3 65 Fed47 FxS2.78°
S5+B 5965 7020 8143 6270
S+8+58 7458 7378 Naki! 082
Fatg.21* Fadd 81 Fa120.98* Fe100.83"
S+A 4496 M52 4143 3657
S+A+5A 4806 A214 450 4185
Fu7.28 F=3.81 Fr20.30° F=13.98*
B+A 5192 5861 4687 5252 6201
B+A+B'A 5373 8025 5092 5890 8412
F=13.53* F=14.00* F=30.83° Fu3),18° Fa30Q. 38"
P+D 5628
P+D+PD 9660
Fa33.51
B+D 8067
B+D+B'D .5088
F=i. 1
D+A 3002
D+A+DA 3011
F= 458
* Fy0 (p<.0)

PDIFF*SSIZE, SSIZE*BDIFF, and BDIFF*A were significant interactions for the four
models predicting DIF detection rates. SSIZE*A was significant for MH, and LR 5, but not
for MH, and LR ;. PDIFF*BDIFF, PDIFF*A, BDIFF*A, and PDIFF*DIF were significant
interactions for the mode! predicting A, At this point it becomes clear that PDIFF, SSIZE,
and PDIFF*SSIZE seem to explain a large portion of the variance in detection rates;

however, the analysis continued with an all-subsets regression using the significant
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predictor variables and significant interactions, in order to generate the most parsimonious

regression model for each dependent variable (see Table 9). The difference in the number

Table 9: R? values for the best one-, two-, three-, and four-variable models, along with
the omnibus model, predicting MH g5, MH oy, LR g5, LR gy, @Nd Ay,
* “VM"""’ in Model Predicting MH ~ R® |  Model Predicting MH,,  R® Model Pradicting A, R!
Beat One Viariable
v P 547| P 5131 P 955
Best Two Variable
o P+s 860| P+S 763| P+B 967
Best Three Variabla | P+ S +P'S 94| Pes+ps 31
Model* P+S+A 881 | P+SeB a7 | PeB+D 75
Best Four Variable | P+ S +P'S+A P15 P+S+PS+B 95| P+sD+PD 978,
Madel! P+S+ A+B 861 | P+S+B+A 88| P+B+D A 075
7 variables 917] 8 variables 638 | @ variables 083
Omnibus Model' | 4 yiabies 881 dvariables 768 | 4variables o5
ilrirvend tn Model Predicting LR,e ~ R? |  Model Predicting LR,y R
Best One Variabie
v P 814| P 575
MTM"‘;‘;"’""‘ P+S 880| P+s 824
Best Three Variable | P+ S+ P*S 814| P+S+P'S 829
Model! P+S+A 880| P+S+B 827
Best Four Variable | P+S+P'S+A 015 P+S+PseB 933
Mode!' P+S+A+B 880 P+S+BeA 829
7 variables B19| B8varables 536
Omnibus Model' | 4 variabies 1880 | 4 variables 829

t The second model s the best model without aliowing for any interaction terms.

of variables among the omnibus models is due to the lower number of significant

interactions that were used to generate the model at the .05 level of significance. For

comparison sake, each of the best models is juxtaposed with the best model without

interaction terms where applicable.
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MH and LR Detection Rates

The omnibus models, created by the four significant predictor variables (PDIFF,
SSIZE, BDIFF, and A) and all significant two-way interactions, explained a high
percentage of variance in MH and LR detection rates at both levels of significance.
However, the most parsimonious model explaining detection rates was PDIFF + SSIZE +
PDIFF*SSIZE which explained 5% more variance in MH o5 and 3% more variance in LR s
than the best two-variable model (P+S); at the .01 leve!, 14% more variance was explained
inMHand 11% in LR,,. For both procedures at each level of significance, the addition
of a fourth term to the model improved the variance by less than .5%. The model for MH 5
is examined first followed by the other three models.

The complete model for MH 4 with b-weights was as follows:

MH o5 = -12.45 + 303.91 PDIFF +.014 SSIZE + .767 PDIFF*SSIZE
The coresponding standard errors of the b-weights were 2.024, 25.311, .0041, and .0515,
The standard error of estimate was 9.32. This model explained 91% of the variance in MH
at the .05 detection rate.

The model can be explained by examining the b-weights beginning with the scaling
differences in the variables. The b-weight for PDIFF was very large as PDIFF alone
explained 55% of the variance. However, the actual p-value differences were quite small,
in the range of .0167 and .1544, which artificially inflated the magnitude of the b-weight.
Although the b-weights for SSIZE and PDIFF*SSIZE were much lower, their relative weight

is deceiving since sample size, in effect, acts as a multiplier by a factor of 100.
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The interaction of PDIFF*SSIZE added 5% to the amount of variance explained by

the model. As SSIZE increased the effect of PDIFF on the MH detection rate increased
as well. P-value difference had a larger effect at higher sample sizes. The reverse is also
true; sample size had a larger effect at higher p-value differences. The conditional effect
of PDIFF on MH when sample size is 100 is 380.61. Which means for each increase in
p-value difference of .0500, MH .. increases by 19%. When sample size is increased to
800, the conditionat effect of PDIFF becomes 917.51. At sample size 800, each increase
in p-value difference of .0500 increases MH s by 46%. This reflects the data where p-
values greater than .1000 were detected approximately 100% at sample size 800. The
effect of PDIFF is larger at larger sample sizes. At sample sizes above 400, the effect of
the interaction term has a greater effect on MH s than the effect of PDIFF alone. For each
increase in sample size of 100, the conditional effect of PDIFF increases by 76.7.

When PDIFF is low (.0500), the conditional effect of sample size is .0524. Which
means for each increase in sample size of 100, MH increases by 5.24%. However, when
PDIFF is high (.1500), the conditional effect of sample size more than doubles to .1291.
At a high level of PDIFF, each increase in sample size of 100 increases MH g5 by 12.91%.
Therefore, as mentioned above, sample size has a larger effect on MH s at higher p-value
differences.

This mode! can be used to predict the percentage of uniform DIF that would go
undetected by the MH procedure at significance level of .05. In order for the model to be
used for prediction, conditions similar to those in this study must hold true, i.e. a 66 item

test Assuming similar conditions, if a test developer with 300 examinees wanted to know
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what percent a relatively high level of DIF (p-value difference = .100) would go undetected
with the MH . procedure, the regression model would be as follows:

MH o = -12.45 + 303.91(.100) + .014(300) + .767(.100)(300)
Solving for the MH detection rate (45%) and subtracting from 100 shows that the test
developer can expect 55% +/- 20% (95% confidence interval) of the DIF items to go
undetected at p<.05. Another example would be the test developer who wanted to predict
the sample size needed to detect a relatively low level of DIF (p-value difference = .050)
with 95% accuracy; the model would resemble the following:
95 = -12.45 + 303.91(.050) + .014(SSIZE) + .767(.050)(SSIZE)
Solving for sample size would mean that this particular test developer would require a
sample size of at least 1762, If the test developer would settle for a DIF detection rate of
80%, only 1476 examinees would be required. At the very least, the model demonstrated
that p-value difference and sample size are good predictors of MH o detection rates and
that p-value difference is an improvement over the more traditional measure of effect size,
b value difference.
A very similar model was found for LR g
LR = -12.59 + 399.70 PDIFF +.019 SSIZE + .607 PDIFF*SSIZE
Corresponding standard errors of the b-weights were 2.00, 24.92, .004, and .051. The
standard error of estimate was 9.18.
Similar conclusions about the relative size of the b-weights can be made in regards
to this model. An increase in PDIFF will increase LR o« detection rate. Increasing sample

size will augment the effect of p-value difference. For each increase in sample size of 100,
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the effect of PDIFF will increase by 60.7. At low (.0500) and high (.1500) PDIFF, the

conditional effect of sample size is .0494 and .1101, respectively. Therefore, even though
the b-weight for SSIZE was higher in the LR . model than in the MH o model, sample size
had more of an overall effect on MH gsthan LR gs.

As with the previous model, this model can be used for prediction purposes with a
95% confidence interval of +/- 20% around LR 4, provided conditions similar to those in
this study are met.

The b-weights for the models predicting DIF detection rate at the .01 level of
significance were slightly different than the models described above:

MH,, = -6.55 + 85.68 PDIFF - .0206 SSIZE + 1.150 PDIFF*SSIZE

LRy, = -9.59 + 183.46 PDIFF - .0141 SSIZE + 1.022 PDIFF*SSIZE
Standard errors of the b-weights for MH,,, were 1.708, 21.25, .0035, and .0432; with a
standard error of estimate of 7.82. For LR, the standard errors were 1.760, 21.90, 0036,
0445; with a standard error of estimate of 8.063.

The most obvious differences are the lower b-weight for PDIFF, the negative b-
weight for SSIZE, and the higher b-weight for PDIFF*SSIZE. One effect of these
differences is that the conditional effect of PDIFF on MH « is larger than on MH,, at small
sample sizes; however, as SSIZE increases, the conditional effect of PDIFF on MH
becomes larger than on MH .. For example, the conditional effect of PDIFF on MH,, when
SSIZE is 100 is 200.68 compared to 380.61 on MH o, At sample size 800, the conditional
effect of PDIFF on MH,is 1005.68 compared to only 917.51 on MHgs. This suggests that

sample size has more of an influence on p-value difference at the .01 level of significance
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levels than at .05. Perhaps a ceiling effect on DIF detection rate existed at the .05 level
of significance as approximately 10% of the detection rates were 100% compared to only
2.5% at the .01 level of significance. These high detection rates were observed at the
larger sample sizes. Therefore, sample size may have had more of an effect at the .01
level of significance as there was more variability in the detection rates.

When PDIFF is low, .0500, the conditional effect of SSIZE is .0369 on MH,
compared to .0524 on MH,. As PDIFF increases {.1500), the conditional effect of SSIZE
on DIF detection rate increases to the point that the effect on MH,, (.1518) is larger than
on MH . (.1291). It would appear that p-value difference has more of an influence on
sample size at lower significance levels. Furthermore, when PDIFF and SSIZE are the
same for both models, PDIFF*SSIZE has more of an effect at the .01 level.

The negative b-weight for SSIZE must not be misinterpreted to imply that as sample
size increases, DIF detection rates decrease. When p-value difference is greater than
0180, an increase in sample size will increase MH ,; for p-value differences greater than
L0138, an increase in sample size will increase LR,,. For smaller p-vaiue differences, the
models predict that as sample size increases, DIF detection rate will decrease. This is due
simply to a chance occurrence that can be found in the data used to generate the models
at the .01 level of significance. In the study only one item had a p-value difference less
than these limits (p-diff. reference #1). The original data for this item at the .01 level of
significance is shown in Table 22 (Appendix A). In fact, the detection rates for this item
reached values of 4% and 6% with the MH and LR procedures, respectively, at sample
size 600 and then dropped to 1% and 2% at sample size 800. Therefore, with this item (p-
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diff=.0167), an increase in sample size was followed by a decrease in the DIF detection
rate. This item was at chance rates throughout the study. This chance event and one or
two others like it at low p-value difference levels (Table 22, Appendix A) probably caused
the negative b-weight in the models at the .01 level since the effect of sample size is only
reversed at such a low level of p-value difference. For all general purposes, these models
predict that an increase in sample size will increase detection rates.

As expected, lower detection rates were predicted using the .01 level models as
compared to the .05 models. In the earlier example, with a p-value difference of .100 and
a sample size of 300, the MH o detection rate was 45% +/- 20%. At the .01 level, the
detection rate would be 30% +/- 17%. The standard error of estimate is lower for the .01
level models which means that detection rates can be predicted with greater accuracy.

In summary, when predicting MH and LR “etection rates, PDIFF + SSIZE +
PDIFF*SSIZE seems to be the most effective model. The best model predicting 4, is
explained in the next section.

By

Clearly, p-vaiue difference (r*-=.954) had a very strong influence on A, explaining
35% more variance in A,,, than did b value difference (?;=.598). The omnibus model,
created by the six predictor variables and four significant two-way interactions, explained
a high percentage of variance in A,,, (R?=.983). The best one-, two-, three-, and four-
variable models are shown in Table 9. PDIFF was by far the best predictor of A, yet
because of the degrees of freedom (df=1,358), results from the F tests of R? changes as

additional terms were added to the mode! were significant. Even though additional terms
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significantly increased the R? of the model, this increase was only by approximately 1%
at each step. After examining the b-weights of the two- and three- variable models it was
obvious that the additional terms were theoretically insignificant albeit statistically
significant. For these reasons, the most parsimonious mode! predicting Ay, was deemed
to be the one-variable model, explaining 95.5% of the variance:

Ay = .025 - 9.789 PDIFF

The standard errors of the b-weights were .009 and .113. The standard error of estimate
was .080.

In the study, the DIF items were made easier for the reference group. As a result,
the A,,H values were negative. According to the model, as PDIFF increases, Ay, becomes
more negative, making the item more likely to be detected by the MH procedure.

Summaries of the effects of the individual variables on DIF detection rate are

presented in the following section.

DIF Detection Rates

In general, a wide range of DIF identification rates was produced with both
procedures ranging from 0% to 100%. Definite frends were observed in the data which
are discussed in the following paragraphs according to the variable of interest. Summary
tables are presented throughout the discussion; however, more detailed tables are also

referenced and can be found in Appendix A.



52
DIF ldentification Procedure and Sample Size

The agreement between the LR and MH procedures was high over all conditions .
as shown in Table 10. The LR procedure identified the DIF items as well as or marginally
better than the MH procedure in 98% of the cases. The discrepancy between the two

procedures is greater at the .05 level of significance than at .01. Supporting data for the

Table 10;  Summary of percent detection rates for uniform DIF over 100 replications for

the MH and LR procedures averaged across levels of sample size.

Sample Size MH LR o MH,, LR,
100 Per Group  12.18 18.74 425 7.58
200 PerGroup  24.25 29.92 12.11 1540
400 PerGroup 4326 4639 2658  30.54
600 PerGroup 53.78 5657  38.23 412
800 Per Group €61.5 63.5 47.44 48.9

Average 38.88 4302 2592 28.74

9% and 18% DIF tests at the .05 and .01 level of significance are shown by sample size
and p-value difference in Tables 18, 19, 20,. and 21 {Appendix A).

Using real data, Tian, Pang, and Boss (1994a) found similar results, in that the LR
procedure produced slightly higher DIF identification frequencies than the MH procedure.
On the contrary, Rogers and Swaminathan (1993) found that the MH procedure had a
slight advantage over the LR procedure in detecting uniform DIF. Their results may have

been due to a two-stage process used with the MH and LR procedures or perhaps to a chi-
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square test with 2 df. The two-stage process was not used in the present study and the
chi-square test used had 1 df.

Under all conditions, sample size had a positive relationship to the number of times
an item was correctly identified with the MH and LR proceduies (see Table 10). Increasing
the sample size improved the power of the MH and LR chi-square statistics. This finding
is supported by Tian, Pang, and Boss (1994b) and Rogers and Swarﬁinathan (1993) who
also found that an increase in sample size increased the MH and LR detection rates.
Mazor, Clauser, and Hambleton (1991) came to the same conclusion with the MH
procedure.

At lower sample sizes, the difference in the identification rates of the two
procedures was higher than at larger sample sizes. For example, the DIF identification
rates for the LR o5 procedure were on average 2% higher per item than those for the MH g5
procedure at sample size 800. At sample size 400, the discrepancy between the two
procedures increased to 3% per item and at sample size 100, the LRy procedure
outperformed the MH s procedure by 7%. This effect was also demonstrated at the .01
level of significance, but not to the same degree.

Recall that the regression models predicted that increasing sample size would
increase the effect of p-value difference on the MH,; and LR s detection rates. Moreover,
for each increase in sample size of 100, the effect of p-value difference would increase by
76.7 on the MH  datection rate, but by only 60.7 on the LR s detection rate. According
to the regression models and the present observations, increasing the sample size had

more of an effect on the MH procedure than on the LR procedure. Tian, Pang, and Boss
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(1994a) also observed the increased discrepancy between the two procedures at lower
sample sizes.

ltems with large amounts of DIF (p-diff>.100) were identified at least 70% of the time
with sample sizes as low as 400 (p<.05). Items with large amounts of DIF were only
identified, on average, 44% of the time with sample sizes 100 (p<.05). At sample size 100,
items with low DIF (p-diff<.050) were not identified any more frequently than were items
with no DIF at all. One would probably not want to use a sample size lower than 400 whén
using the MH or LR procedure.

aValue

Each level of a (.3, .5, and .7) included eight items in different combinations of b
value difference and b value. Resulits in this section are based on averages of each group
of eight items at each level of a. DIF detection rates increased with increasing a values

(see Table 11). Supporting data for the 9% and 18% DIF tests at the .05 and .01 levei of

Table 11:  Summary of percent detection rates for uniform DIF over 100 replications for

the MH and LR procedures across levels of a.

a value MH@, LRm MH_m I-Rm

3 2355 2712 1187 1361
5 40,70 4501 2704 23012
7 5248 5681 3885 4249

significance are shown by sample size across levels of a value, b value, and b value

difference in Tables 22, 23, 24, and 25 (Appendix A).
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As the a value increased, the DIF detection rates for both the MH and LR procedure

increased as well..' Because of the nature of the p-value formula, larger a vaiues resulted
in larger p-value differences. If b is held constant, items with higher a values will have
larger p-value differences. Hence, on average, items with an a value of .7 were detected
more frequently than items with an a value of .5.

According to Formula 1, a and b values combine together to produce p-values and
then p-value differences. Therefore, since b is not always constant, one cannot assume
that items with large a values will be identified more frequently than items with lower a
values. In this study, DIF detection rates were réported using p-value difference since it
is a quantitative measure of the combination of a, b, and b value difference. Some
authors, however, have explained the combination of a and b in a descriptive manner and
reported the DIF detection rates as such.

in order to describe the interplay between a and b values, Rogers and Swaminathan
(1993) used a descriptive method. The authors studied four different types of items, with
four sample items of each type. The four types of items were described as follows with
typical item parameters in brackets: low b, high a (-1.83, 1.2); moderate b, low a (-.34, .6);
moderate b, high a (~.34, 1.2); and high b, high a (1.18, 1.2). Using this descriptive model,
the two levels of b used in this study (-.5 and .5) would be considered moderate; the three
levels of a (.3, .5, and .7) would be considered low. According to Rogers and
Swaminathan (1993), other than the size of the DIF, the largest effect observed for both
procedures was due to the type of item. Over 20 replications, items of moderate b and

high a had the highest detection rates for both procedures. items of moderate b and low
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a had the lowest detection rates for the LR procedure; whereas, items of high b and high
a had the lowsst detection rates for the MH procedure.

The method of describing the interplay between b and a used by Rogers and
Swaminathan (1993) can be translated into the more quantitative method of p-value
difference used in this study. If one converts the above b and a values into p-value
differences, for a b value difference of .4, the descriptive and quantitative method can be
compared as follows: low b, high a (p-diff=.0440), moderate b, low a (p~diff=.0636);
moderate b, high g (p-diff=.0980); and high b, high a (p-diff=.0568). ltems with moderate
b and high a values had the highest p-value difference and, therefore, had higher
identification rates than the other items with both procedures as reported by Rogers and
Swaminathan (1993). Items with low b and high a values had the lowest p-value difference
and, therefore, one would have expected these items to have the lowest identification rates
with both procedures. However, this was not the case. Since the differences in p-value
difference among the other three types of items were quite small, the identification rates
were quite close for these three types of items. DIF identification rates differed by less
than 5%. Results may have been due to the limited number of replications used. Perhaps
more replications might have resulted in more accurate DIF detection rates. Guessing
may have also effected the identification rates, especially at the moderate and high levels
of b.

b Value
Each level of b (-5 and .5) included twelve items in different combinations of b

value difference and a value. Results in this section are based on averages of each group



57

of twelve items at each level of b (see Table 12). Both procedures identified items with a
b value of -.5 more frequently than items with a b of .5. These findings are due to the
increased p-value differences associated with items with a b value of -.5. This result can

be explained by going back to the p-value formula (Formula 1).

Table 12:  Summary of percent detection rates for uniform DIF over 100 replications for

the MH and LR procedures across levels of b.

bvalue MH, LR, MHg, LR,
-5 4122 4554 2809 3110
5 3650 3542 2376 2639

In order to calculate a p-value difference, a p-value for the reference and focal
group must be calculated from a z-score. According to the formula, the z-score is the
naegative product of b and p (derived from g). Since p is always positive, the z-score has
the opposite sign from the b value. Therefore, an item with a negative b value will have
a positive z-score. If the item favours the reference group, the b value of the focal group
is increased by the appropriate b value difference; hence, the z-score of the focat group
is decreased (negative preduct). The difference between these z-scores is the p-value
difference. When comparing areas under the normal curve, a larger area will result from
the difference between a pbsitive Z-score and a lesser z-score than the same difference
between a negative z-score of same magnitude and a lesser z-score. The following

conclusions can be drawn from the p-value formula providing both items have the same
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a value, the same b value difference, and the same absolute b value. If the DIF favours
the reference group, the item with the negative b value will have a larger p-value difference
and, therefore, be detected more frequently than the item with the positive b value. If the
item favours the focal group, then the item with the positive b value will be detected more
fraquently. In the present study, since the simulated DIF favoured the reference group,
the item with the negative b value was consistently detected more frequently than the
matched item with the positive b value.

According to Formula 1, it would seem that the effect b, when a is constant, cannot
be generalized, even if the direction of the DIF is constant as well. In other words, one

canrot state that lower levels of b will have higher DIF detection rates if the a value is

constant. An example is provided in Table 3.

Table 13: An example illustrating that the effect of b value on DIF detection rates

cannot be generalized across different levels of a.

p-value
-] ] p z-score  p-value p-valus®  differance
RG-FG
-9 5 45 405 8591 7102
Re'm '.3 .5 .45 .1 % .5557 0223
Group 3 5 A5 .43 A443 5277
9 5 45 - 405 2409 4308
Focal -5 5 45 225 5010 8524 0578
Group
A 5 45 -045 4801 5581 0642
b-value 7 5 45 .315 3745 4883 0584
difference
4 13 5 A5 -585 2176 3860 0538
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In the example, a was held constant at .5 and b ranged from -9 to +9. Asb
increased, there was no observable trend in p-value difference. Assuming that items with
higher p-value differences will be detected more frequently, the item with b of .9 would be
detected more frequently than the item with b of .9, yet less frequently than the item with
b of .3. However, since the DIF favoured the reference group in the example, items with
negative b values had higher p-value differences than their corresponding positive match.
This supports the results explained above.

Clauser, Mazor, and Hambleton (1991a) observed the effect of b values on DIF
detection with the MH procedure. Five levels of b were studied: -2.5, -1.0, 0.0, 1.0, 2.5.
Four levels of a and b value difference were completely crossed with the levels of b.
Simulated DIF favoured the reference group. According to the results from this study,
items with a b value of -2.5 should be detected more frequently than items with a b value
of 2.5. The results of their study support these results; detection rates for items with b
values of -2.5 and 2.5 were 69% and 13%, respectively. Following the same trend,
detection rates for items with b values of -1.0 and 1.0 were 81% and 69% respectively.
b Value Difference

Each level of b value difference (.2, .4, .6, and .8) included six items in different
combinations of a and b. Results in this section are based on averages of each group of
six items at each level of b value difference. Iltems with larger b value differences were
detected more frequently by both procedures (see Table 14).

These findings are not surprising as one would expect an increase in effect size to

increase detection rates. Similar results were found with the MH procedure by Mazor et.
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Table 14:  Summary of percent detection rates for uniform DIF over 100 replications for

the MH and LR procedures across levels of b value difference.

bvaluedifference  MH, LRy  MH, LR,

2 11.51 13.66 4 4.77
4 3035 3459  168.0% 18.35
K 4993 5466 34068 3757
8 6384 60,02 4963 54.27

al. (1991), Clauser et al., (1991a), and Miller and Oshima (1892). The intent of the author
is not to discount the relationship between b value difference and DIF detection rates,
since a strong positive relationship has been shown to exist. However, as observed with
the regression analysis and as discussed in the next section, the author suggests that b
value difference is a rather crude measure of effect size. P-value difference can lead to
a more realistic measure of effect size and, therefore, better prediction of DIF detection.
p-value Difference

Increasing the effect size, p-value difference, also improved the rate of DIF
identification with both procedures across all conditions (see Table 15). This finding is
supported by the regression models. |

In the 9% DIF test, there were six items within each of the four levels of b value
difference (.2, .4, .6, and .8). Each of these six items was a unique combination of one of
two b values for RG (-5, .5) and one of three a values (.3, .5, and .7). Within each of the
four levels of b-difference, these six items, ranked according to increasing p-value

differences, were as foliows (RGb,a): (.5, .3), (-5, .3), (.5, .5), (-5, .5), (.5, .7), (-5, .7).
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Table 15:  Summary of percent detection rates for uniform DIF over 100 replications for

the MH and LR procedures across levels of p-value difference.

p-value difference® MH LR MH ,, LRy
p-diff < .050 12.49 14.78 434 524

050 < pdif< 075 3272 3663 1675 18.86

075 < p-diff < 100 4807 5379 3040 3429

p-diff > .100 7188 T77.03 5862 6369

'Rlnguolp-nluedlﬂmmuhdodhorwlohmlmhﬂwly
equal number of Hems (8, 5, 5, and 6, respectively) within each range.

in the 18% DIF test, the items were ranked in the same order; however, there were two
items for each combination of b and a. For both tests, at both levels of significance (p<.05
and p<.01), across all sample sizes, and for both procedures, the DIF identification rates
within these levels of b value difference were ranked in the same order from fjow to high
(ie. item (.5, .3) identified the least, to item (-.5, .7)) with few exceptions.

Different combinations of a, b and b-differences resuited in different p-value
differences. Using the formula for obtaining the p-value of an item (Formula 1), it can be
noted that the z-score, used to cut off the area p to the left of z, is actually the negative
product of b and a (since p is a function of a). Understanding the normal curve, allows one
to make predictions about DIF detection rates. For instance, in the present study, an item
with b (.5) and & (.7) resulted in a z-score of -.285 and a corresponding p-value of .3859.
When compared with a b-difference of .6 (b = 1.1), the resulting p-value difference was
1033. In this case, the reference group had a 10% better chance of getting the item
comect than the focal group. Using the same parameters, changing only the RGbto -.5

(z-score .285) and, hence, the FG b to .1, gave the reference group a 12% better chance
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of getting the item correct because the p-value difference between the two groups was
increased with the new z-score. Therefore, it has been observed that whichever
combination of a, b, and b-difference causes the greatest difference in the proportion-
correct area under the curve, results in a higher DIF detection rate.

The p-value difference proved to be a more realistic measure of effect size than the
b value difference alone. When the items were ordered according to p-value differences,
the increasing detection rate was better explained. Some items at the .4 level of b value
difference were identified more frequently than some items at the .6 level because the
combination of b and a values resulted in larger p-value differences. There was
considerable overlap at the .4 and .6 levels of b value difference across all sample sizes
with both procedures. One item at the .4 level had a correspondingly larger p-value
difference than an item at the .8 level of b value difference and, as such, was identified
more frequently. These large ranges of DIF detection rates can not accurately be
explained using b value differences alone.

In summary, this trend of increasing p-value differences accompanied by increasing
DIF detection rates can be retated back to the variables in the original formula. Particular
combinations of a, b, and b value difference undoubtedly result in larger p-value
differences for items, These items, in turn, were identified more frequently with the MH
and LR procedures. In this study, when comparing DIF detection rates of itéms with the
same RG b and b value difference, the item with the largest a value was detected more
frequently. When comparing DIF detection rates of items with the same a and b value

difference, the item with the lower b value was detacted more frequently. Finally, when
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comparing items with the same b and a values the item with the largest b value difference
was detected more frequently.

According to the definition of DIF, an item is considered to function differently if both
groups do not have the same probability of getting the item correct. It stands to reason,
therefore, that a more precise measure of the probability, would produce a more accurate
measure of DIF. Using the actual p-value difference is clearly a more precise measure of
the amount of DIF in a given item than is using the b value difference alone. Having a
more accurate measure of the amount of DIF, allows for a more accurate explanation of
the DIF detection rates.

Rogers and Swaminathan (1993) studied the effect of the amount of DIF on the
performance of the MH and LR procedures and came to the same conclusion, that the
larger the effect size, the greater the probability of detection. The size of DIF was
quantified in terms of the area between the generating item response functions using the
formula given by Raju (1988). Clauser, Mazor, and Hambleton (1991 a) and Miller and
Oéhima (1992) manipulated the size of DIF by increasing the b value difference between
the RG and FG. Both sets of authors observed that by increasing the size of DIF, the
chance of the item being detected by the MH procedure increased dramatically. However,
Clauser, Mazor, and Hambleton (1991a) concede that this pattem of increasing detection
rates was highly influenced by the other variables examined, namely a and b. The notion
that perhaps these variables contributed to another value, for example, a p-value

difference, was not discussed.
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In another study, Mazor, Clauser, and Hambleton (1991) made mention of p-value
differences. They reported increasing DIF detection rates with the MH procedure with
increasing b value differences. Included in their paper was a table of p-value differences
which came from various combinations of b, a, and b value difference. Smallest p-value
differences detected and largest p-value differences missed were recorded at each level
of sample size. In their study only one or two replications were completed for each item.
However, the gereral trend of increasing DIF detection rates with increasing p-value
differences was observed. The authors did not discuss whether p-value difference or b
value difference resulted in a more realistic measure of effect size.
Percentage of DIF ltems
A high degree of agreement in DIF detection rates was observed between the 9%

and 18% test at both levels of significance (see Table 16). More detailed resuits are

shown in Tables 26 and 27 (Appendix A).

Table 16;:  Summary of percent detection rates for uniform DIF over 100 replications for

the MH and LR procedures across percentages of DIF in the test.

%ofDIF  MH, LR, MHg, LR,
0% 4112 4527 2803 3025
18% 3686 4077 2172 2442

ltems in the 9% DIF test were identified marginally better than corresponding items
in the 18% DIF test with both the MH and LR procedures. In 82% of the comparisons,

items in the 9% DIF test were identified as well as or better than comparable items in the
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18% DIF test. On average, items in the 9% test were identified 4-6% more frequently than

in the 18% test. This difference in detection rates was highest with sample size 800, 5%,
and decreased to 2% with sample size 100.

A higher percentage of DIF items would effect the ability scores of the focal group
by making members of the focal group appear less able and, therefore, more likely not to
respond correctly. Items may not appear to be biased because focal group members
appear {o be less able.

Rogers and Swaminathan (1993) found similar results. The detection rate of
uniform DIF with the LR procedure increased by 6% when the percentage of DIF dropped
from 15% to 0%, other than the item of interest. Rogers and Swaminathan (1993),
however, found no effect due to percentage of DIF items on the detection rate with the MH
procedure. Miller and Oshima (1992), on the other hand, found the DIF detection rate with
the MH procedure to increase proportionately as the percentage of DIF items increased.
According to the authors, these items had a moderate amount of DIF, b value difference
was .35. DIF detection rates for items with small DIF, b value difference of .20, remained
constant throughout changes in percentage of DIF items. Miller and Oshima (1992),
howsver, used a wider range of percentage of DIF items, from 5% to 40% which may have

had a bearing on their results.

False Positive Rates
False positive rates were determined by averaging the frequency with which non-

DIF items were identified by either the MH or LR procedure. In the 9% DIF test, there were
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60 non-DIF items; in the 18% DIF test, there were 54. In the following paragraphs, trends

in the data related to false positives are discussed. False positive rates are summarized
in Table 17. More detailed tables showing the false positive rates for the 9% and 18% DIF

test at both levels of significance can be found in Appendix A (Tables 28, 29, 30, and 31).

Table 17:  Mean percent faise positive rates over 100 replications for the MH and LR

procedures under all conditions.

Variable and Level MH, LRy MH, LRy

Sample Size
100 Per Group 328 531 0.59 1.12
200 Per Group 428 578 0.86 1.24
400 Per Group 5.49 6.65 1.22 1.53
600 Per Group . 6.189 732 1.41 1.80
800 Per Group 741 8.34 1.96 225
Percentage of DIF
9% 4.44 566 0.80 1.23
18% 6.22 7.7 1.15 1.85
b value difference
2 410 5.19 0.74 1.01
4 468 6.07 1.02 1.36
6 561 7.03 1.27 1.70
8 6.94 7.09 1.79 2.28

False positive rates for the MH and LR procedures were quite similar; however, the
LR procedure consistently identified more false positives than the MH procedure. At the
.05 level of significance, the LR procedure identified more than 1% more false positives
than the MH procedure. Increasing sample size was accompanied by increasing false

positive rates for both procedures.
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The discrepancy in the false positive rates between the LR and MH procedures
increased slightly as the sample size lowered. This relationship between the MH and LR
false positive rates mirrored the relationship between the DIF detection rates. Tian, Pang,
and Boss (1994b) also found that the LR false positive rate was slightly higher than the
MH. At the .01 level of significance, the LR procedure identified approximately .4% more
false positives than the MH procedure, averaged across sample size (Table 29, Appendix
A). The discrepancy in the false positive rates between the LR and MH procedures also
increased slightly as the sample size lowered.

As the amount of DIF (b value difference) it;icreased in the items, the false positive
rate for the other items on the test increased as well with both procedures over all
conditions. This effect increased with sample size.

False positive rates were higher for the 18% DIF test than the 9% test for both the
MH and LR procedure across alt conditions. As the percentage of DIF items on the test
increased, the scores of the reference group would tend to be inflated because of greater
success on the DIF items. This would cause their scores to be more multidimensional.
This effect would tend to be a problem when assessing DIF on non-DIF items. Therefore,
these items might appear to be biased against the reference group. This effect was
noticed, especially at larger sample sizes, when larger amounts of DIF were induced, and

with a higher percentage of DIF items on the test.
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CHAPTERYV

SUMMARY AND CONCLUSIONS

In this chapter, the results are summarized by going back to the original research
questions. The main purpose of the study was to examine the performance of the MH and
LR procedures in the identification of uniform DIF in a number of different conditions. The
detection rates for uniform DIF were quite similar throughout the manipulation of all
variables; however, detection rates from the LR procedure were slightly higher than those
from the MH procedure. The discrepancy between the detection rates decreased as
sample size increased. False positive rates were also slightly highar with the LR
procedure.

As the amount of DIF, measured in terms of b value difference and p-value
difference, increased, the DIF detection rate of both procedures increased as well.
However, effect size measured with p-value difference explained much more variance in
MH and LR detection rates than did effect size measured with b value difference. P-value
difference explained 95% of the variance in A, compared to 60% from b value difference.
Not only does p-value difference take iniv account b value difference but the a and é
values of the item, as well. The results indicate that p-value difference would be a more
accurate measure of effect size than b value difference. A p-value difference of .100 or
larger was identified at least 90% of the time by both procedures at sample size 800
(p<.05). Averaged across all levels of sample size, a p-value difference of .100 or larger

was identified at least 70% of the time by both procedures (p<.05) and approximately 60%
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of the time at the .01 level. One of the recommendations from the study would be to report
p-value difference when examining the influence of effect size on DIF detection rates when
item parameters are known.

The effect of sample size on DIF detection was quite clear. DIF detection rates
increased with larger sample sizes. Regression analysis demonstrated that sample size
increased the effect of p-value difference. Furthermore, sampie size had more of an effect
on the MH detection rate than on the LR detection rata.

The question, 'How large a sample size is needed to detected different amounts of
DIF?', depends on the accuracy wanted. The number of examinees used to detect DIF
depends on the size of DIF that the test developer wishes to identify and the level of
accuracy needed in the DIF detection rates. One would probably not want to use a sample
size lower than 400. The regression models predicting MH and LR detection rates,
presented in the study, may be of use when deciding on sample size for DIF identification
purposes provided similar conditions are met.

Items with higher item discrimination were identified more frequently with both
procedures. it would appear that this effect can be generalized for all values of a provided
bis held constant. In the context of the study, higher levels of a combined with levels of
b and b vatue difference to produce higher p-value differences. Conceivably, depending
on the particular combination of g, b, and b value difference, an item with a larger a value
may not be identified as frequently than one with a lower a value.

One must also be cautious to avoid over-simplifying the effect of item difficulty on

DIF detection rates. In the present study, the item with the lower b value was detected
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more frequently than the comparable item with a higher b value. This may not always be
the case. Items with larger b values may have higher p-value differences than items with
lower b values and, therefore, be detected more frequently. Again the effect of item
difficulty on DIF detection rates depends on levels of a and b value difference and the
direction of the DIF. One generalization about the effect of item difficuity on DIF detection
rates was put forth regarding items of equal discrimination, equal DIF, and equal, but
opposite, b values. If the DIF favours the reference group, the item with the negative b
value will be detected more frequently because the p-value difference will be larger. If DIF
favours the focal group, the item with the positive b value will be detected more frequently.

The percentage of DIF also had an effect on detection rates. Items on the 9% DIF
test were identified marginally better than items on the 18% DIF test. DIF effects the ability
scores of the focal group making the focal group appear less able. In turn, this may cause

an item to appear unbiased when percentage of DIF items is large.

Limitations and Further Research

The greatest limitation of the study was the manipulation of the independent
variables. In a simulation study all possible variables having an affect on the dependent
variables are never truly taken into account. Only those variables that the author deems
necessary are studied. As well, the levels of the variables chosen may not accurately
reflect real data. In fact, the results obtained from the study can not really be generalized
much further without additional examination. Further simulation studies examining the

same variables, but at different levels, would be a beginning point with which to compare
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the resuits of the study. Only after numerous simulated replications of the study would one
want to generalize the results to real data. Additional variables such as unequal ability

distribution or length of test could also yield interesting results.
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Table 18:  Percent detection rates for uniform DIF over 100 replications for the MH and
LR procedures for each p-value difference. Results are from the 9% DIF test
(p<.05).
o, . 100 200 400 600 800
Rot, | o
o A |MH] IR | Agi | MH | IR | Bu | MH | LR | B [ MH [ LR | Au | MH | LR
1 | oer | -or PGB0 12 | 4 5 {-15| 6 6 [-19} 8 |12 )|-18|15] 15
2 |oo2| 32 | s {11 |-8] 2] a]-25[15{1]-20]09 ] 9 |-19]38 |n
3 0204 | -28 3 3 ~24 3 6 -3 12 13 -0 18 19 -3 21 2
4 0300 | -30 3 3 =37 10 14 -27 4 9 -34 S 25 =34 26 . ]
5 0351 | -35 3 8 -48 10 15 -4 17 20 -4 2 30 -39 3 3
] 0es | -28 3 -] -29 8 1 -8 17 16 =37 2 24 -20 23 27
7 008 | -35 ] 11 =38 9 9 -48 19 20 -39 23 28 -43 36 38
8 o405 | - 40 8 10 -34 7 11 -42 20 24 -38 2 -] -37 28 35
9 0580 | -48 -] 7 -52 15 21 -54 M 38 -52 37 43 -56 56 62
10 { 0579 { -37 8 13 =57 1 21 -53 3 32 =55 43 52 -52 51 83
1 0004 | -74 10 18 -83 15 21 -89 38 44 -86 58 60 -57 60 64
12 {0600 -54 | 8 |16 | -58| 19 | 24| -57 | 36 | 30 |[-57| 4 |51 |-.58] 61| 61
13 o887 | <77 [ 11 [ 47| -8t | 27 |20 |.74 |50 {5 |- |6 |67 [-79]| 8 [
14 [omm [ -e8 | 1018 ]| -7 | 22|27 -60[ 3] 47| -65[5[6]-6]|7]s
15 { 0767 ] -85 12 2 -8 2 29 -84 56 85 -86 75 80 - 87 86 80
i6 | 0812 | -79 11 21 -82 ) 30 77 57 58 -78 n 79 - 74 T8 a3
17 | 0855 | -8t 10 17 =78 24 K] -81 &5 61 -84 80 85 -81 81 83
18 | .0p42 | 102 | 18 26 -80 3 4 -86 60 64 -98 91 92 «-92 94 95
19 110 | 1090 ] 26 34 -98 42 80 | 106 | 76 77 | 104 | 88 80 | 108 | 99 29
20 | ANT| 87 | 14 | 33 | 104 | 44 | 58 | 102 | 63 | 83 | 107 pmeiiiwt 100 | 100
21 1MM3 | 134 | 26 39 -130 | 61 6 | -1.28 | 88 84 128 | 87 100 | 100
2 |24 128 | 28 W 447 | 55 68 | -1.24 | 88 88 | -1.19 | 100 88 88
2D |20 147 37 52 | 14| &6 70 {139 | 98 88 | -1.43 | 100 100 | 100
24 | 54| 4T3 | 51 64 | 470 | 85 81 165 | 100 { 100 | ~1.68 | 100 100 | 100
Where:

#] Shaded areas are comparisons whereby the LR procedure identified the ttem less frequently than the
31 MH procedure; representing 2% of the compsrisons.
Unshaded areas are comparisons whersby

the LR procedure identified the tem as well as or belter
than the MH procedure; representing 568% of the comparisons.
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Table 19:  Percent detection rates for uniform DIF over 100 replications for the MH and
LR procedures for each p-value difference. Results are from the 9% DIF test
(p<.01).
an 100 200 400 600 800
1]

Ret. | S

. By [MH I IR | B | MH | IR | A | MH | LR | A | MH | LR | AW | MH [ LR
1 |lower}-or! o | o |22 |0 o0 ]-a5] 1] ¢ ]-19

2 o2 | -3 E2apa] -16 | 4 1 |-5] 5| 6 | -20

3 |oma]-26] o[ 1+ }-24] 22 [-a[3aa] s |-

4 losoo|-30| 2 | 2 (-39 | 4 | ab-2v] 1| 2 |-

5 o f.as | 1+ | 2 ]-48] 1| 4]t | 5 | 6| -4

6 |ooes | -28 | 1| 2 |-20 |9 [ 3-8 7| s |-37]10]14

7 [os08]-35 | 3 | 4 |-a8| a3 | a4a].48] 7 [ 9 ]-30 ] 12]12

8 |0s5| 40| 3 | 2 |34 | 1 | 2 )-42] 48 |-38[7 | 0|37 Bl
9 |oseo|-46| 2 | 6 | -2 a | s | .54 ¥t J THEREERERE
10 [osto|.ar{ ¢+ | a|-57]5 |6 |-53]12[13]|.5]|2]2]-5]|339|»
11 |oeo4{ -74| 6 | 6 | -3 | 6 | o |-60 | 19|25 |-66 |31 |37 |57 37 |38
12 |osoo | -54 | 2 | 2 | -8 ] 4 | 7 | -5 | 10| 14| -57 27 | -s8 | 40 | 42
13 o887 | -7 | 3 | 7 ] -8 |14 | 14|74 ] 27| 2| -7 4 | -70 [ 84 | 86
14 |om1 | -6 | 2 | 3 | .76 | 12 | 17 | -60 | 17 [ 24 | -65 a7 | -69 | 81 | 64
15 | o767 | -85 | 1 6 | -81 |10} 13| -84 [ 24} 32(-88 s6 | -87 | 72| 75
16 |oe12| -79 | 3 | 6 | -82 | 13 [ ] .17 | 31 [ 38| -7 55 | -74 | 60 | &2
17 o855} -8 | 3 | 8 | -78 | 11 [ 14 | -81 | 34 | 37 | -84 se.| -81 [ [ 73
1 |0042| 102 9 [ 11 | -90 | 16 | 19 | -88 | 38 | a2 | -98 73 | -2 | @81 | 83
19 |10x3|-r09 | 11! 17 | .98 | 18| 28 |108]| 59 | 62 | -1.04 77 | -1.08 |98 |08
20 [am17| -97 | 5 | 10 [ 104 | 24 | 30 | 102 | 50 | 61 | -1.07 90 | 108 | o5 | o7
2t b3 |34 10| 17 | 130 | 30 | 42 |42 | 81 | 128 95 | 134 | 98 |
2 (1248 120 | 11 | 18 | 447 | 34 [ 44 | 424 | 76 | 82 | -1.19 2 |42 97 | o7
2 |38 447 | 11 | 28 | 143 | 43 [ 54 | 130 | 84 | 87 | 143 | 99 | 100 | -1.44 | 100 | 100
24 {1544 [ 473 | 22 | 34 | 170 [ 62 | 74 | 165 ] 93 | 97 | -1.68 | 100 | 100 | -1.86 | 100 | 100

Shaded areas are

comparisons wheneby the LR procedure identified the ilem less frequently than the
] MH procedure; representing 5% of the comparisons.

Unshaded areas are compsrisons whereby tho LR procedure identifled the tem as well as or better
than the MH procedure; representing 95% of the comparisons.
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Table 20:  Percent detection rates for uniform DIF over 100 replications for the MH and
LR procedures for each p-value difference. Results are from the 18% DIF
test (p<.05).

Table continues on next page.
o 100 200 400 600 800
p
R:f- an. B | MH | LR | B4 | MH | LR | Ay | MH | LR A | MH | IR
6| 3| s |- |6 ] v |-16]7 ]9 -8 | 8 | 9
i el FEHIE 7 |24 s s | -14] 8 | 11 -13 | 5 5
o |o| 4 |-14]3 ]| a]-19]5]7 ar 7|7
2 1 s [ 5 |47 | 6 | 10| -19] &« |8 <20 | 11 ] 14
s lome o212 13 35 [ 5 |10 ] -2m 12| 15 2| 5
.35 | 7 | 8 |-2]6 | 9 |-.25]| 8|1 20 |Epaniiag
P 13 |-z s |6 }|.28]|13]17 21 [ 18 | 19
2| 7| 7 |- 7|8 |-22|12]69 .32 | 24 | 25
221 | 2 | 4 | -a7 15| 20 -37 | 18| 18 37 | 5 | 7
S I ®™ 2| 4 6 | -2 | 3 4 | -35 | 16 | 18 37T | B ] A
8| 4 | 85 f-25]8 |1w0]f-a7]15)]15 234 [ 25 | 28
& | O 115 |10 |- |8 |12 ] -3 | 12|16 232 | 25 | 28
% | 3| 4 |-44a] 0 |13].3014]1s -42 [ 30 | 3
7 | 036
4 | 2 |11 |- 7 |11 ]-.40]13]18 236 | 24 | 2%
s | oms 2213 7 |37 {10 |16 ] -3a 13|14 7 2|31 | 2|2
’ a7 | 3 8 |- | 8 | 11| -38] 18|23 24 Peggiacasil] .33 |28 | 29
o | oseo 221 4 7 |-4r| 8 [13]-45| 2] 2] -48[34[38]-48]5 |51
45 | 12 | 14 | -34 | 8 | ] -3 | 2| 27| -52 142 | 47 | -46 | 52 | 54
w0 | o0 |2 14 5 |-50 |14 |20 {-53 |28 |32 ] 51|38 |4)-51]52]56
75 | 12 [ 15 | -4 [ 19 | 15| -4 | 25 | 2v | -54 [ 40 | 42 | -50 | 48 | 50
| ooos |2 12113 .49 | 9 | 13| -53 |31 || .57 |4 |44 |-59 |5 |60
.57 | 6 |13 ]| -50 |13 |8 |-58]| 3¢ |2 |-5 |44 |-58|5 |54
2 | oo |21 8 1t |-5313|20]|-5 |2 |3 |-53[3 |44 ]|-5]85]|:s8
.57 1 10 [ 12 ] -55 | 14 | 15| .51 | 26| 28 [ -55 | 42 | 40 | -54 | 53 | S8
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an. 100 200 400 800 800
p

R:f- a. Ag | MH | LR | Agy | MH | LR | Asi [ MH | LR | A { MH | LR | A4 | MH | LR
13 | oss7 77| 14 8} -868 | 17| 20 ]-63| 43| 44| -63 | 55 |58 |-8 |6 |70
e | 13| 18]-1m| 20} 25| -64 )] 3|38 |-.80 |4 |[S]-88]7|T
1 | o1 s {13 | 1. |-63 | 14|25 -6 |37 |4)|-60|l5|6]|-64[(7 |77
54 | 5 0| -84 | 20 ) 22| .8t | 37 | 40 | -50| 40 | 68 ]| -84 [ 70| 73
Ty 7 17| -8 | 26 | 37| -5 |54 |57 }-78 6 |7 |-78| 68 | 84
15 | o767 68 | 12| 16 ]-8| 25|32 ]| -8 15 |54 |-80]|7 |77 |-R|7]|78
.76 | 15 | 24 | -74 | 31 | 34 1 -70 | 43 {50 | -63 | 58 | &3 | -68 | V& | 60
e | ez 63 | 10| 12| -6a |18 | 21 | .69 | 46 | 48 | -68 | 66 | 69 | -65 | 68 | 74
17 | oass |l 1Ml .er | 2| 30| - 72|53 56 | -0 |64 | 6 | -7 | 80| B3
60 |10 | 92| -88 1 21 | 25} -78 | 48 | ST | -7 | 73 | 74 | -70 | 79 | 80
sa | ooa 75 | 420 | -8 | 27y 34| -8 ‘56 sa. 83| 7|77} -8 | 83 | 88
-2 | 23 | 25| -82 | 28 | 37 i : 77 | 84 | -84 | B | &
© | 1003 .99 | 21| 26 { -90 | 40 | 43 . 81 | 85 | -85 92 ._93‘
.08 | 9 25 | -94 { 34 | a5 | -88 | 75 | 76 | -97 | 84 | 86 | -1.00 [ige AT
2 | 1117 405 24 | 28 | -94 [ 35 ) 40 | -84 | T2 (75 ) .92 | 88 | 80 | 02 | 97 | &7
' 2| 13 24 | .04 | 39 | 49| -89 | 6 | T3 | -8B ] 89 | B 04 | 84 | 95
o1 | 1473 4090 17| 22 | 114 | 44 | 55 | 418 | 83 | 88 |10 | 67 | 98 | 114 | 88 | 69
426 | 24 | 39 | 113 ] 43 | 58 95| 86 | 90 | 120 | 98 | 98 | 144 | 97 | @@
2 | 1248 411 | 23 | 37 | 100 | 50 | 56 |40 | 78 | 85 | 143 | 96 | ©F7 | A4t | 96 | 66
445 | =2 | 38 | 947 | 50 | 81 | 110 | 82 j 87 | 142 | 868 | 67 {142 [ 89 | 100
42| 2| 32 1415 50 | 62 |120| 84 | 80 | 122 | 96 | 89 | -1.25 | 100 | 100
2 | s 431 | 24 ] 40 | -126| 64 | 70 Y122 | 688 | &t | -1.23 | 100 | 100 | -1.25 | 100 | 100
os | 154 453 | 35 | 45 | 450 | 79 | 84 | 156 | 99 | o9 | -1.48 | 400 | 100 | -1.53 [ 100 | 100
453 | 35 | s0 | 158 | 74 | B3 | -148 | o7 | 99 | 156 | 100 | 100 | -1.50 | 100 | 100

Shaded areas are comparisons whereby the LR procedure identified the Htem less frequently than the
| MH procedurs; represanting 3% of the comparisons.

Unshaded areas are comparisons whereby the LR procadure identifled the ttem as well as or better
than the MH procedure; representing 87% of the comparisons.
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LR procedures for each p-value difference. Resuits are from the 18% DIF

Percent detection rates for uniform DIF over 100 replications for the MH and
test (p<.01).

Table continues on next page.
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Table 21
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an 100 200 400 800 800
ot
R;’- "] A | MH | R | Am [ MH ] IR | Aw | MH | LR | Ag | MH | LR | 8w | MH | IR
13 | oss7 |7 7 |-66| 4 s | -ea | 19| 20| -83 [r2eniveel] -& | 40 | &
.66 | 2 4 |- 111 ] 12] 88|17 28] -61 | 3|26 ] 66|42/ 4
s | o7st 59| 4 |10 ]|-83| 8 o | .62 | 24 | 28 | -80 } 20 | 6 | -84 | 50 | St
.54 | O 2 | -84 | 7 g | -61 | 16| 19| -50( a2 )| 3] -84 55 82
s | orer Tt 6 | -81 7 o | -715| = | 28| -78| 48 | 49 | -78 | 568 | 62
.68 | 3 | 7 | 15| -8 | 22| 27| 80| 44 | 54 | -T3 | 54 | 55
R | 6 [ 11|74 11 lwr]-70] 3| @) -63|] %[ |-68|N|®
-83 | 2 s | -63 | 11| 44| .69 | 2 | 20| -68 | 3 | 46 | -65 | 48 | SO
s7 | oess 781 s 6 | .67 8 |12 ]| -72| 22 | 34| -690 {38 | 44} -71 | 58| &
’ -80 [ 3 7 | .68 | 2 | 13 ] -78| % | 3% | .76 )52 |5 ]|-70] 5|5
s | oo K 6 | -78 | 14| 2] .84 2|27 ]-83]5|5]|-83 6]7
g2 | 7 g | -82| 11| 19| -89 | as | 44 | -82 | 51 | 55 | -84 [ 77 | B0
w0 | 103 .09 | 11| 16 ] -0 | 21 | 25 |-102]| 51 | 54 | -89 | 64 | 71 | -85 | 82 | 84
.98 | 2 8 | -94 | 131 18] .98 ] 48| 57| -97 | 73| 76 |-100] 85 | 85
405| 6 | 14 ] -04 | 18| 24 | -94 | 44 | 55 | -92 | 74 | V6 | -82 | B7 | €8
2 |7 -02 | 4 8 | -04 [ 47 | 24 | .80 | 44 | 52 | -98 | 78 | 80 | -84 | 83 | B4
4001 7 | 11 |114] 23 | 28 | 148 64 | 60 | 410 | 82 | 88 | 114 | 63 | 66
2| MR 126 | 7 19 {413 | 24 | 21 [ 415 62 | 74 | 121 | 80 | 93 | 114 | 85 | 85
2 | 1246 4111 9 13 |-100)| t9 | 28 | 110 80 | 63 | 143 | 90 [ & | 41| 82 | 63
445 | 7. | 15 | 1497 30 | 35 | 410 | 50 | 72 1 142 82 | 86 | 112 | 88 | 68
o | 128 A12 | 6 14 3145| 27 | 20 [ 120 68 | 72 | 422 | 84 | 85 | 125 | 99 | O
a31 | 11 [ 17 | 428 | 28 | a7 |12 | 76 | 82 | 123 | 94 | 94 | -1.25 | 88 | B8
os | 1544 153 | 17 | 20 | 159! 54 | 63 | .156 | 93 | 97 ] 448 | 68 | 98 | 153 | 100 | 100
153 | 13| 30 |58 | 57 | 66 | -148 | 89 | 92 | -1.56 | 100 | 100 | -4.50 | 100 | 100
Where:

Shaded areas are comparisons whereby the LR procedure idertified the ftem less frequently than the
il MH procedure; representing 5% of the comparisons.

Unshaded arsss are comparisons whereby the LR procedure identified the tem as well as or better
than the MH procedure; representing §5% of the comparisons.
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Table 22:  Percent detection rates for uniform DIF over 100 replications for the MH and
LR procedures averaged across levels of b vaiue difference, a value, and b
value. Results are from the 9% DIF test (p<.C5).

-

100 200 400 600 800
Variable| Level

Ao | MH | LR | Aw | MH LR | A | MH | LR | Aw | MH LR | Agy | MH | LR
2 |027| 3147|567 |-020| 6.33 | 883 |-0.31 |12.47(14.33]-0.30 | 18.67(20.60|-031 | 23.00 2447
pvaive | 4 |-057]864]14:33]058]1500] 2050|060 [3550) 30.67 0559 | 47.33|51.33| 0.57 | 56.17(80.17
differerce| & |.0.88|1567|23.17]-0.84|32.33|40.17| -0.85 [58.17 | 81.83|-0.67 | 73.50|76.33| -0.88 | 83.50 85.17
8 -1.15 | 24.83| 38.17| -1.15 | 50.83 | 58,50 -1.11 | 76.67[79.17]-1.13 88,23 89.67|-1.14 | 92.50|93.63
3 |.04a| 838 |11.13|0.45|1375|17.75| -0.48 | 27.63| 30.88 | -0.46 | 34.75|38.13| -0.45 | 43.63 47.00
2 value 5 |-072|11.50|19.25|-0.71 |24.38| 33.00] -0.72 | 46.13| 49.25 ] -0.74 | 64.13 | 66.25( 072 | 67.63 89,00
T 099 121.38|30.63| 0.69 | 40.25 45.25| 0.98 | 63.13|66.13 097 17200174001 -1.00 8013 81.50
bvalue .5 |-0mt|1547|2350|-0.76 2025|3483 |-0.78 [ 48.25| 52.00 077 |60.08|62.17|-0.77 | 64.75|66.83
RG s |-063!11.00147.17| 067 |23.00|20.47| -0.66 | 43.00( 4550 | -0.67 | 53.38|56.75]| -0.68 | 62.83 64.83

Table 23:  Percent detection rates for uniform DIF over 100 replications for the MH and
LR procedures averaged across levels of b value difference, a vaiue, and b
value. Results are from the 9% DIF test (p<.01).

100 200 400 600 800

Varable | Level
MMHLRA.HMHLRA.,,.MHLRA,,,MHLRA.,.MHLR
2 lo27|133|1.67 |-029|1.83 [ 250 |-0.31 | 367 | 483 |-0.30 750 | 7.67 |-0.31 | 9.33 11017
b value 4 {-057|250| 500|058} 617|783 |-060|1550|19.33|-0.59 26.83|30.33| -0.57 | 30.17|38.67
* | difference & |-osel6.17 1000|084 |15.17(19.17-0.85 [38.17]42,00 | 0.87 55.33(57.67|-0.88 |70.17|71.67
8 |-t.15) 900 |46.47|-1.15]31.33{39.17]-1.11 | 58.50|64.83|-1.13 77.50,80.67 | -1.14 |85.50 | 86.67
3 |.044{188| 275 |-0.45)4.38 | 638 |-0.46 (11.50}14.50|-0.48 18.00|21.88 | -0.45 | 26.50]29.50
avalue &5 |072{463|775 |0.71]1275|16.00]|-0.72 |29.13|33.38|-0.74 | 46.13 4863|072 |54.75)|55.68
7 |-098)7.75 |14.13]|-099 |23.75|20.13 | -0.88 [46.25|50.38 | -0.97 60.25(61.75]-1.00 | 89.88{70.75
b value .5 |-081]617 533 |0.76[16.08|19.58]-0.78 |31.58|36.33}-0.77 45,08 47.33]-0.77 5250|5342
RG 5 |oe3j33a|7.08|-067[11.17|1475|-0.66 |26.33|29.17]0.37 38,50 |40.63 | -0.68 | 49.58 |50.67
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Table 24:  Percent detection rates for uniform DIF over 100 replications for the MH and
LR procedures averaged across levels of b value difference, a value, and b
value. Results are from the 18% DIF test (p<.05).

100 200 400 600 800

Variable | Level

027|333 | 642 | 029 6.42 | 892 |-0.27 |1050|13.08|-0.27 {1262|14.42 -0.28 [18.50|20.25
053 762 [12.08]-051 |14.0819.08|-0.53 | 20.25|32.50 | -0.53 | 38.50 | 43.75 0,52 [50.08(52.42
077 |1358|20.47|-0.75 |25.25|32.47 | 0.79 | 53.17 |56.83 | -0.38 | 67.08 | 71.42 077 |77.08|70.33

b vaiue
differsnce

039 | 6.50 | .64 |-0.41 {11.38(15.19| 0.42 {21.13|24.88]-0.41 [31.13|34.44 .41 |39.19]41.81

avalue 067 |11.04]17.501-0.64 |21.38 | 28.94 | -0.65 | 42.44 | 46.44 | -0.68 [ 54.19|57.44 -0.66 | 63.31 | 65.06

2

4

8

8  [-1.02|20.08|29.83|-1.02 |43.75]51.17]-1.01 | 69.00|73.67 | -1.01 [82.82 85.17|-1.02|89.50|91.00
3

5

7

.0.88 | 15.25|23.94 | -0.89 | 34.38 | 41.38 | -0.85 | 57.88 | 60.75 | -0.87 | 66.5069.19 -0.88 | 73.94)75.38

b value -5 |-069|12.38]19.33|-0.70 ;24.96130.71 | -0.70 | 43.63| 46.96 | -0.70 | 53.58 56.79|-0.69 |60.17|62.25
RG 5 |-0.80|1008|14.92]-059 |19.79|24.96|-0.60 |37.33/41.08 {-0.60 | 47.63 50,58 | -0.60 | 57.46(59.25

Table 25: Pércent detection rates for uniform DIF over 100 replications for the MH and
LR procedures averaged across levels of b value difference, a value, and b
value. Results are from the 18% DIF test (p<.01).

Variaie | Lovel 100 200 400 600 800
By | MH | LR | A [ MH | LR | A | MH [ LR | Aui [MH | LR | Aw | MH | LR
2 |o27l02|217 |-028]| 150 | 242 |-027| 263 [ 375 | -0.27| 483 | 533 |-0.28| 625 | 7.5
pvoive | 4 [083]202]425].051] 442600 |-0531082]14.00 053 |2208|23.92|-052]2058|33.47
difference| & .077| 408 | 750 |-0.75 |11.75 |15.67-0.79 [ 32.75{ 38.08 | .0.78 | 49.25| 52.75] -0.77 | 56.42|61.25
8 |-1.02| 708 [1400}.1.03|24.75)31.47}-1.01 | 52.08{57.50 | -1.01 | 70.50| 72.62]-1.02 | 80.0881.33
3 |-039|1501225 |-041|388 5231 |-042]9.31 1113|041 [1663]|18.75]|-041 |22.13(2384
avaiie | 5 |-067| 418|688 |-084| 050 |12.81|-0.85 [23.56(28.75| -0.86 [30.19| 41.13 | -0.66 | 47.68| 50.06
7 |-088! 556 |10.61]-069 |18.44|23.31 | -0.88 | 41.08|45.13] -0.67 | 54.18[56.31 | 0.88 {61.50|83.25
pvave | -5 |069)4087.96)-0.70|12.54|1642(-070 |27.21 {31.17 | -0.70 39,46 (41.71|-0.89 | 48.17|48.58
RG 5 |oeo|a342|e00]059| 867 11.21]-0060|2208]2550]-0.60]|33.88|35.75|-0.60 | 41.50|42.92
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Table 26:  Percent detection rates for uniform DIF by percent of DIF items for sample
size and p-value difference over 100 replications for the MH and LR
procedures (p<.05).

Table continues on next page.

p
an. % 100 200 400 600 800
m'; DIF
Ref. *
#
9%
1 | o167
18%
%
2 | 022 18%
9%
3 | 0294
18%
9%
4 | .0300
18%
9%
5 | .0351
18%
g | 0365 9%
18%
%
7 | 0366
18%
9%
8 | .0d05
18%
9 | .0560 8%
) 18% Y
8% 32
10 | .0579
168% 205
9% a“
14 | .0604
18% 38
12 | 000 % 9 48
) 18% 9 15 | 135 | 175 | 255 | 305 | 40 | 485 ]| 52 | 885




an " 100 200 400 800
a%. DIF
ﬂ;‘- MH | R | M | &R [ MH | IR | M4 | LR
% 55 64 67
13 | o887 18% 40 50 | 555
9% 47 58 62
Il A T 45| 53 58
% 65 75 80
o L T™ } s55 | 68 75
9% 21 59 73 ™
16 | 0812 oy 18 48 62 66
9% 17 61 80 85
17 | 0855 18% 15 565 | e85 | 705
9% 26 84 81 92
18 | 0842 oy 23 635 | 76 | 855
&% 34 b4 88 80
1911038 oy 255 77 | 825 | 855
20 | 1147 g% 39 83 58 o7
18% 26 74 96
2% 39 B4 100
2| 1R 355 89 975 | 9
2% 41 es 98 98
2 | 1246 8% | 25 | 3r5 86 $7.5 08
2 | 18 0% | a7 52 83 100 | 400
18% | 22 36 90.5 100 | 100
% | 51 64 100 100 | 100
24 | 1544
18% | 35 | 475 | 765 | 835 | @8 99 100 | 100

Shaded areas are comparisons whereby the item In the 8% DIF lest was
identified less frequently than the comparable ftem In the 18% DIF test;
representing 18% of the comparisons.

Unshaded areas are comparisons whereby the tem In the 8% DIF test was

identified s well as or better than the comparable item in the 18% DIF test;
representing 82% of the comparisons.

Totats for the 18% DIF test are averages of the two liems st the same p-value difference.
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Table 27:  Percent detection rates for uniform DIF by percent of DIF items for sample
size and p-value difference over 100 replications for the MH and LR
procedures (p<.01).

Table continues on next page.

p
. % 100 200 400 800 800
dlgf DIF
Ref. *
#
1 0167 g%
) 18%
9% .
18% %ﬁj
0% to L
3 | .o204 '
18%
4 | 0300 %
) 18%
9%
5 | .0351
18%
g | 035 8%
18%
7 | 0396 9%
' 18%
9%
8 | 0405
18%
9 | .0560 9%
) 18%
10 | 0579 g%
' 18%
9%
11 | .0604
18%
12 | 0609 5%
) 16%




- " 100 200 400 600
. a'f)r. DIF
. MH LR | MH LR | MH IR MH LR MH LR
2% 40 41 84 66
13 | 0667 18% 26 27 41 46
2% k] &7 81 64
4 [ 075 18% 3 345 | 515 | 515
% 53 58 2 75
15 1 0787 Maw g 48 | 515 55 | 585
% 38 50 55 60 62
18 | 0812 on 2 a7 | 325 | 505 | 565
9% a7 57 58 ! 73
17 | 088 18% [aids 35 45 | 405 | 58 | sS85
9% ] 19 16 A 42 65 7 81 83
18 | 0642 S
18% | 45 7 125 g@sg! 20 | 405 | 54 51 | N5 | 75
w | 1089 9% 11 17 18 28 59 62 74 T7 96 85
16% | 85 12 17 | 215 | 405 | 555 | 685 | 735 | 835 | 845
20 | 4117 2% 5 10 24 kY 50 61 88 20 95 o7
18% 5 1 175 | 24 4 | 535 | 76 78 85 85
a1 | 4473 9% 10 17 2 42 ! 81 & o5 08 29
18% 7 15 | 25| 30 63 | 715] 8 | 905 | 94 | 955
2 | 1248 9% 1 18 34 44 76 82 o1 92 o7 a7
8% ] 14 | 245 [ 315 ] 95 | 675 | 86 | 885 | 985 | 855
o | 1328 % 1M 26 4 54 84 87 09 00 | 100 | 100
18% | 85 | 155 | 325 | 43 T2 77 o4 | 045 | 985 | 885
24 | 4544 % z 34 62 74 <] 97 100 | 100 | 100 | 100
16% | 15 | 205 ]| s55 | 645 | o 945 ] 99 | 995 | 100 | 100
Where;

Shaded areas sre comparisons whereby the tem In the 5% DIF test was

 identified less fraquently than the comparabie ltem in the 18% DIF test;

representing 19% of the comparisons.

Unshaded areas are comparisons whereby the ttem In the 8% DIF test was
identified 85 well a8 or better than the comparable ltem In the 18% DIF test;

representing 81% of the comparisons.

Totals for the 18% DIF test are averages of the two tems at the same p-value difference.
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Table 28: Percent false positive rates over 100 replications for the MH and LR
procedures. Results are from the 8% DIF test (p<.05).
100 200 400 600 800
p-diff
MH LR MH LR MH LR MH LR MH LR
2 305 | 477 | 348 | 482 | 425 | 502 | 407 | 467 | 452 | 528
4 305 | 517 | 445 | 572 | 418 | 522 | 433 | 547 | 462 | 535
6 350 | 538 | 353 | 510 | 488 | 577 | 490 ; 618 | 597 | 685
8 315 | 555 | 425 | 570 | 535 | 593 | 612 | 710 | 720 | 8.08
MEAN | 319 | 522 | 383 | 533 | 487 |- 548 | 485 | 685 | 558 | 639
Table 29: Percent false positive rates over 100 replications for the MH and LR
procedures. Results are from the 9% DIF test (p<.01).
100 200 400 600 800
bdiff | MH LR MH LR MH LR M LR MH LR
2 053 | 093 | 052 | 080 | 068 | 090 | 067 | 085 | 088 | 122
4 0.60 1.08 0.87 1.50 0.80 0.98 0.77 1.10 1.03 1.25
8 oes | 128 | os0 | o088 | 107 | 133 | 117 | 138 | 132 | 157
8 058 | 105 | 070 | 112 | 123 | 150 | 123 | 158 | 182 | 212
MEAN | 059 | 109 | 067 | 107 | 097 | 118 | 0086 | 125 | 131 | 1.54
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Table 30:  Percent false positive rates over 100 replications for the MH and LR
procedures. Results are from the 18% DIF test (p<.05).

100 200 400 600 800
kdiff 1 wMH LR MH LR MH LR MH LR MH LR

208 | 452 | 428 | 561 | 481 | 589 | 443 | 504 | 532 | 630
352 | 574 | 374 | 545 | 583 | 722 | 584 | 754 | 747 | 7.80
348 | 584 | 450 | 811 | 655 | 822 | 852 | 958 | 1043 | 11143
354 | 537 | 568 | 774 | 828 | 996 | 1120 | 13.00 | 14.35 | 1536

ol in|b

MEAN | 3.28 5.39 4.65 6.23 6.32 7.82 7.52 8.79 924 | 10.30

Table 31:  Percent false positive rates over 100 replications for the MH and LR
procedures. Results are from the 18% DIF test (p<.01).

100 200 400 600 800
b-diff
MH LR MH LR MH LR MH LR MH LR

2 048 0.83 0.81 0.98 0.74 1.02 0.81 in 1.20 1.31

4 0.65 1.13 0.85 1.02 1.48 181 1.31 1.67 1.78 1.98

8 0.52 1.24 1.13 1.69 1.56 1.93 207 257 261 3.08

B 0.74 | 1370, | 1.37 1.86 2.0 285 3.22 4.04 483 545
MEAN | 0.60 1.14 1.04 1.41 1.47 1.87 1.86 2.35 261 2.96









