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ABSTRACT

Numerous statistical methods have been proposed for detecting differential item
functioning (DIF). Among them, methods based on item response theory (IRT) are
theoretically preferred but very complicated and expensive (o implement. As an
alternative, the Mantel-Haenszel (MH) procedure has emerged as one of the most popular
procedures because of its ease of implementation, relatively small sample size
requirement, and associated test of significance. In addition, it provides a measure of the
amount and direction of DIF. However, the MH procedure is not designed for and
therefore not very effective in detecting nonuniform DIF. As an extension of the MH
procedure, a more general DIF detection method, a logistic regressioi procedure (LR)
has been shown to be powerful in detecting both uniform and nonuniform DIF.

The purpose of this study is to examine the consistency of the MH and LR procedures
and their agreement in the identification of DIF across sample size and criterion when
using real examinee data. The item responses of 183,008 Caucasian examinees who
took the 1989 ACT Reading Test (Form 39B) were analyzed. The focus of this study was
on gender-based DIF. Comparison groups were created by randomly selecting cases by
gender across four levels of sample size with an equal number of examinees in both
reference and focal groups: 100/100, 250/250, 500/500, and 1000/1000. Three criteria
were used: total test score, subtest score, and passage score. Thirty replications were
conducted for each combination of sample size and criterion variable.

The mean and standard deviation of the MH-Z and frequency of DIF identification by
the MH and LR chi-square statistics over 30 replications were computed for each item for
each combination of sample size and criterion variable. The agreement between the MH
and LR procedures and the consistency of the two procedures were examined according
to the number of times an item was identified. The MH-Z was used to determine the
direction and size of DIF. Items were classified into three categories based on the means
of MH-Z over 30 replications at sample size of 1,000: 1. No Serious DIF, 2. Possible DIF,
3. Definite DIF. As for nonuniform DIF, items which had been detected at least 15 times
and 20 times out of 30 replications by the LR nonuniform statistic at the .01 significance
level were considered as Possible DIF and Definite DIF, respectively.

Using the total test score as the criterion, seven items were detected as showing
uniform DIF (4 Definite DIF and 3 Possible DIF). When the criterion was subitest score,
twelve items were identified (5 Definite DIF items and 7 Possible DIF items). Using the
passage score as the criterion, only four items were identified (2 Definite DIF and 2
Possible DIF).

The influence of the criterion variable is very obvious. Different nuinbers of items and
different items were identified when using different criteria. Only two items were identified
under all three criteria. In addition, when the criterion variable was subtest score, the
means of MH-Z were generally lower for items in Passages 1 and 2 and higher for items
in Passages 3 and 4 than when the criterion was total test score. Similar results were
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observed for the detection rates of the MH and LR Uniform chi-square statistics. When

the criterion changed from total test to subtest, the frequency of DIF detection decreased

for items in Passage 1 and 2 and increased for items in Passage 3 and 4. This is likely
due to the fact that for each subtest females scored higher on one passage but lower on
the other. The direction of DIF was such that it favoured the group scoring higher on the
passage. When the criterion was passage score, an even larger decrease of mean MH-Z
values occurred and the frequency of DIF identification was close to zero for most of the
items. Using total and subtest scores as the criteria, DIF items identified in Passage 2 all
favoured males. However, when passage score was used, the MH-Z picked up two items
with opposite effect (favouring females) that were not detected for the total and subtests.
Since items based on each passage are associated to a specific content area, there
seemed to exist a passage or context effect. However, It was very hard to separate the
passage effect from the test length effect since there are only ten items in each passage.

The multidimensionality of the critericn is likely the cause of the results of this study.
The low correlations among the four reading passages seemed to suggest that different
aspects of reading ability were being measured. Another possible reason might be test
length. However, in some way, test length might not be the issue since there were more
items identified when subtest was used as the criterion.

Sample size had a strong influence on the MH and LR procedures. As sample size
increased, the power of the MH and LR statistics improved substantially. At smali sample
sizes (100 and 250 subjects per group), the detection rates were very low even when the
effect size was large. The means of MH-Z were relatively consistent across sample size.
However, the standard deviation over 30 replications of the MH-Z for each item increased
as the sample size decreased.

The results of DIF detection by the LR nonuniform statistic indicated no items
exhibited serious nonuniform DIF in this dataset.

A comparison of the frequency of DIF detection by the MH and LR Uniform
procedures shows that in general, the agreement between the two procedures is very
high in the detection of uniform DIF with the LR procedure having a slightly advantage.
As sample size decreased, the discrepancy between the two procedures became larger.

In conclusion, the results of this study supported the use of both the MH and LR
procedures as practical means of detecting DIF. It was recommended that a sample size
between 500 and 1,000 be used in order to obtain reliable MH and LR statistics. The
results also indicated that there is substantial agreement between the MH and LR
procedures in the detection of uniform DIF. Finally, this study provided information on the
impact of dimensionality on the performance of the MH and LR procedures with real
examinee data. A suggestion for further research is that the part dimensionality plays in
DIF analysis may be further investigated with a simulation study so that the dimensionality
of the test can be specified.



CHAPTER |
INTRODUCTION

Tests play an important role in today's society. It is vital, therefore, that test
developers and users strive to ensure the validity of their instruments for the population
and purposes for which they are intended. However, conscientious test developers and
users have recognized that test scores were sometimes influenced by extraneous factors
other than the construct a test was designed to measure. Because of this, differences in
test scores do not always accurately reflect differences in examinees' true abilities.
Whenever tests are designed for a population which displays gender, social, or culture
differences, and whenever test results are used to inform decisions regarding placement,
advancement, and competency, the possibility of the examinees’ scores being influenced
by biased test items is a matter of concern. Therefore, it is important to ensure that items
which make up a test do not give undue advantage for success to members of one
subgroup over another. Because of this, the detection of bias in testing has been a major
issue in educational measurement. Bias can be assessed at the test level or at the item
level. In this study, bias is addressed at the item level.

The study of test items that function differently for different groups of examinees was
originally calied "item bias" research (Holland & Thayer, 1986). Different groups of
examinees may react differently to the same test questions (Holland & Thayer, 1986). It
is necessary to investigate these differences since they may help to better understand

both the characteristics of test items and the characteristics of different groups of
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examinees in terms of their cognitive processes, test-taking strategies, and knowledge
deficiencies.

The statistical process of investigating item bias involves gathering empirical evidence
concerning the relative performance of different groups of examinees on a test item.
However, statistical evidence of differential performance is necessary, but not sufficient,
to draw the conclusion that bias is present in a test item. This conclusion involves an
inference that goes beyond the data (Hambieton, Swaminathan, & Rogers, 1991). The
empirical indices of bias do not necessarily indicate bias in the sense that it means
unfairness. 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, 1993). From empirical evidence, the only valid conclusion that could
be made about an item is that it is functioning differentially in different groups of
examinees. Therefore, more neutral and accurate terms such as differential item
functioning (DIF) or differential item performance (DIP), rather than item bias, are
preferred to describe the empirical evidence obtained in the investigation of bias
(Hambieton, Swaminathan, & Rogers, 1991). In this study, the term DIF is used.

The psychometrically accepted definition of DIF is that an item shows DIF if
individuals having the same ability, but from different groups, do not have the same
probability of getting the item correct (Hambleton, Swaminathan, & Rogers, 1991). This
requires that individuals being compared are comparable with respect to the ability being
measured by a set of test items or any other ability measure. If the performance on an

item between two unmatched groups of examinees is being compared, the resuit may be
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a measure of item impact rather than of DIF (Holland & Thayer, 1986). Impact is defined
as the difference in performance that occurs only on the valid skill a test is designed to
measure.

DIF can be further distinguished as uniform or nonuniform (Mellenberg, 1982). An
item displays uniform DIF if there is no interaction between ability level and group
membership and the probability of correctly answering the item is greater for one group
than the other uniformly over the entire ability range (Swaminathan & Rogers, 1990a).
That is, the advantage of one group over the other is consistent across ability levels.
Nonuniform DIF exists when there is interaction between ability level and group
membership; the difference in the probability of answering the item correctly for the two
groups is not the same at all ability levels (Swaminathan & Rogers, 1990a); or two groups
of interest are each favoured at certain ability levels. In terms of item response theory,
uniform DIF is represented by paralle! but not coincident item characteristic curves (IGCs)
while nonparallel (ordinal interaction) or crossing 1CGCs (disordinal interaction) indicate
nonuniform DIF.

Numerous statistical methods have been proposed for identifying test items that do
not function in the same manner for specific subgroups. Among them, the Mantel-
Haensze! (MH) procedure proposed by Holland and Thayer (1986) has emerged as one
of the most popular procedures for detecting DIF because of its conceptual simplicity,
ease of implementation, relatively small sample size requirement, and associated test of
significance. However, the MH procedure is designed for detecting uniform DIF and may

not be effective in detecting nonuniform DIF. As an extension of the MH procedure, a
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more general DIF detection method, a logistic regression procedure, has been developed
by Swaminathan and Rogers (1990a). This procedure has been shown to be powerful in
detecting both uniform and nonuniform DIF (lbrahim, 1992; Li & Stout, 1994; Rogers &
Swaminathan, 1993; Swaminathan & Rogers, 1980a, 1990b).

Detection of DIF for both the MH and LR procedures is based on chi-square tests of
significance. But, each has its own advantage over the other. Swaminathan and Rogers
(1990a) showed the connection between the two procedures. According to them, the MH
procedure can be thought of as being based on a logistic regression model where the
ability variable is considered discrete and no interaction between the ability variable and
the group variable is permitted. Therefore the MH procedure is sensitive to only one type
of DIF. While the LR procedure can be used to detect both uniform and nonuniform DIF,
the MH procedure, on the other hand, provides a measure of the amount and direction
of DIF.

Many researchers have studied the effectiveness and consistency of the MH
procedure in the identification of DIF, but little has been done on the peiformance of the
LR procedure. Moreover, in most of the studies on the performance of the MH and LR
statistics, simulated data were used. Because of the high popularity of the MH procedure
and potential usefulness of the LR procedure, and also because of the close connections
between the two procedures, there is a need to further study and compare their
performance under different conditions, especially with real examinee data from a
published test.

in the following chapter, a review of the literature is presented.



CHAPTER Il

REVIEW OF THE LITERATURE

In this chapter, a review of the literature is presented. This includes an overview of
DIF detection procedures, a description of the Mantel-Haensze!l and the logistic regression
procedures, a review of selected studies examining the distribution and performance of
the two statistics, and a summary of the findings. This leads to the purpose and specific

research questions addressed in this study.

Overview of DIF Detectior Procedures

The problem of assessing DIF has concerned test developers and measurement
specialists for many years. Both judgemental and statistical approaches have been
employed to examine it. So far, very littie convergent validity is known to exist between
results obtained from the two approaches (Sudweeks & Tolman, 1990). However, the two
approaches should be used to complement each other.

In judgemental approaches, the test items are usually examined by expert judges in
the appropriate knowledge area. The judges examine the item format and content for
evidence that may cause the item to be more difficult for members of one group than for
members of another group. The major problem with this procedure is the subjectivity of
the expert judges.

Statistical procedures involve gathering empirical evidence of the performance of

different groups of examinees on a test item. By using statistical techniques, researchers
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attempt to sort out the difference between real performance and DIF by using the total
test score or some other ability measure as the overall measure of ability or achievement
level. Statistical procedures can be divided into conditional and unconditionai procedures.
In conditional procedures, the focus of analyses is on differences in performance between
examinees from different groups of interest who are matched with respect to the ability,
knowledge, or proficiency. In unconditional procedur<s, the examinee samples are not
matched on any criterion. Unconditional procedures (such as Transformed Item Difficulty)
have been criticized for confounding DIF with impact. The conditional procedures are
more psychometrically acceptable because they incorporate the notion of comparing the
item performance of members of different groups who are in some sense comparable.
The conditioning or matching by ability is intended to produce an appropriate statistic that
is sensitive to true differences in item functioning, provided the ability estimate accurately
reflects the level of the true ability for these groups. If there is DIF under this control
condition, then that difference in item performance is interpreted as a difference
attributable to characteristics of the particular item and not due to difference in the
characteristics of the individuals (Rock & Chan, 1988).

Many statistical methods have been proposed for detecting DIF, such as analysis of
variance approaches, factor analytical techniques, distracter analysis, indices based on
item difficuity, methods based on item response theory (IRT), and chi-square procedures.
They differ from each other in terms of theoretical soundness, mathematical
sophistication, sample size requirement, and ease of implementation. Over the years,

attempts have been made to examine DIF detection procedures for their efficiency in
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identifying items with DIF, and their reliability as determined by the degree to which a
given praocedure can replicate DIF identification results (lbrahim, 1992).

Among the numerous DIF detection procedures, IRT-based methods have been
theoretically preferred for the purpose of DIF identification. Most IRT-based methods
involve a comparison of item characteristic curves for subgroups of interest. An item is
judged to be unbiased if the item characteristic curves (ICCs) are the same for two
groups of examinees. ICCs describe the relationship between the probability of a correct
response and the examinee ability as measured by the test. In general, as ability
increases, so does the probability of answering the item correctly. The ICCs may be
defined by as many as three parameters, item difficulty (b), item discrimination (a), and
probability of getting the item correct with zero knowledge (c).

While the IRT-based methods have theoretical appeal, difficult problems sometimes
arise in applying them, especially when the three-parameter IRT model is used. Strict IRT
assumptions, complex statistical calculations, high costs associated with running an IRT
computer program such as LOGIST, iarge sample size requirement, and sometimes poor
parameter estimates make the implementation of IRT-based methods problematic, if not
impossible in some situations (Hambleton & Rogers, 1988). In addition, except for Lord’s
chi-square, most of the IRT indices do not have associated tests of significance.
Therefore, a cutoff value must be determined in order to interpret DIF indices.

Because of the practical problems involved in using IRT methods, many researchers
have sought alternative procedures in investigating DIF. Currently, two non-IRT

procedures have been of great interest in research, the Mantel-Haenszel (MH) procedure
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(Holland & Thayer, 1986) and the logistic regression (LR) procedure ( Swaminathan &

Rogers, 1990a).

The MH procedure is one of the most popular non-IRT DIF detection procedures. It
has gained popularity on both theoreticai and practical grounds. it helps to identify
differences in performance on an item-by-item basis that may reflect irrelevant
characteristics in certain test items that may be unfair to certain groups of examinees. In
contrast to some of the IRT-based DIF detection procedures, the MH procedure is
nonparametric, and it requires no model calibration (Ackerman & Evanness, 1992). The
calculations are relatively simple. Computer programs for calculating the MH statistics are
inexpensive to run. Also, the MH procedure requires sample size considerably below the
size needed for the three-parameter IRT procedures in order to produce reliable resuits.
Most important of all, there is an associated statistical test with a known sampling
distribution (chi-square with one degree of freedom) and it tests the hypothesis of no bias
(H,) against a specific alternaiive hypothesis (H,). In addition, the MH procedure provides
a measurz of effect size. Holland and Thayer (1986) examined the relationship between
the MH and IRT-based procedures for assessing DIF. They concluded that the MH
procedure compared favourably to the more complex and expensive IRT-based methods
for detecting uniform DIF.

More recently, a potentially promising DIF detection technique, the logistic regression
(LR) procedure, has been proposed by Swaminathan and Rogers (1990a). This procedure
uses a standard logistic regression mode! for predicting a dichotomous dependent

variable from given independent variables. As with the MH procedure, the LR procedure
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uses a chi-square test of significance. According to Swaminathan and Rogers (1990a),
the LR procedure takes into account the continuous nature of the ability scale and is
useful for identifying both uniform and nonuniform DIF. Also, this procedure is more cost-
effective to implement than IRT-based methods, although more expensive than the MH

procedure.

The Mantel-Haenszel (MH) Procedures
According to Holland and Thayer (1986), the MM procedure was originally proposed

by Mante! and Haenszel (1959) for the study of matched groups in the medical field. in
this procedure examinees are first matched on a relevant criterion for the test under
investigation. The most practical criterion is the total test score. However, an external
criterion may be substituted. Based on total test score, score intervals or ability levels are
formed for reference group and focal group examinees. The performance of the reference
group is taken as a standard against which the performance of the focal group, which is
of primary interest, is compared. All the items in a test are examined one by one. The
item that is being analyzed for evidence of DIF is referred to as the studied item (Holland
& Thayer, 1986). Then the data for the studied item for the examinees in the reference
and focal groups is arranged into a series of contingency tables. There is one such table
for each ability level (see Table 1), where one dimension of the table is the two groups
being compared, and the other dimension is whether the examinees answer the studied

item correctly or incorrectly.
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Table 1: Data for the jth matched set of members of reference and focal groups
(Holland & Thayer, 1986)

Score on Studied item

1 0 Total
Group Reference A B, Ny
Focal C, D, Ng
Total my; my; T,

Where: A and G, denote the number of examinees in the reference and
focal groups, respectively, in the jth score interval who answered the
studied item correctly; B, and D, represent the number of examinees in the
reference and focal groups, respectively, who responded incorrectly to the
studied item; m,; and mj, are the total number of examinees who responded
to the item correctly and incorrectly, respectively; n; and ng; denote the
number of examinees in the reference and focal groups respectively; T, is

the total number of examinees in the jth score group.

The MH-Alpha (o)

Based on the contingency tables, the ratio of the odds for success of the reference
and focal group members (called alpha) is calculated for each score interval, weighted
according to the number of individuals in that interval. These odds ratios are then
averaged across the entire score scale to obtain the Mantel-Haenszel statistic.

The estimate of MH-Alpha, which expresses the common odds-ratio of success of the

two groups across all score groups, can be defined as:
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_ ZADTT "
This ratio is not symmetric. It has a scale of 0 to infinity, with oy, = 1 representing the
null value of no DIF. For a given item, it is the weighted average of the odds ratios taken
across all score intervals. It is the average amount by which the odds that a reference
group member is correct on the studied item are greater than the corresponding odds for
a member of the focal group with the same ability. When the odds for success on an item
of the reference and focal groups among examinees of the same ability levels are
substantially different, DIF is suspected. When a,,=1, the odds for success are the same
in the reference and focal groups. Then no DIF has been detected. The item is equally
difficult for both groups. When a,,>1, the item appears to be functioning differentially in
favour of the reference group. When a,,,<1, the focal group petformed better on average

than did the reference group (Holland & Thayer, 1986).

The MH Chi-Square (MH-CHISQ)

Associated with oy, is a chi-square test of significance. Let pg; and gy, represent the
probabilities of answering the item correctly and incorrectly, respectively, for members of
the reference group in the jth interval, and p; and qg denote the corresponding

probabilities for the focal group members, the MH chi-square tests the null hypothesis:

H, e =1 for all j=1,..k 2)
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versus

H : e = for o, j=1,...k (3)

The hypothesis being tested here is that the sum of all the odds ratios across the
matched sets (a,,) for a given item are unity. The MH chi-square for testing the

hypothesis that a,,,=1 has the form:
(1ZA-ZE(A) 1-1/2)°

MH-CHISQ = ---rtemzao
Q SVar(A) @
where
E(A) = ngmy/T, (5)
and
Var(A) = --wvmearomeieaane- 6

While o, indicates practical difference between the reference and focal groups, the
MH chi-square statistic indicates whether there exists a statistically significant difference
between the comparison groups. The MH chi-square has an approximate chi-square
distribution with one degree of freedom under the null hypothesis of no DIF on the studied
item for matched reference and focal group members. The alternative hypothesis is
nondirectional. Cansequently, the MH chi-square statistic can identify DIF that favours
either subgroup (Holland & Thayer, 1986). According to Holland and Thayer (1986}, a test

based on MH chi-square is the uniformly most powerful unbiased test of H, versus H,.

The MH-Delta (A,)
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Holland and Thayer (1986) proposed a log transformation to put oy, on the ETS
(Educational Testing Service) delta scale. The ETS delta scale is a normalizing
transformation of the item difficulty. The item difficulty values (as measured by the
proportion of correct responses) are first normalized for each group by converting to 2
scores corresponding to the (1-p)th percentile. The z scores are adjusted by a linear
transformation to delta values with a mean of 13 and standard deviation of 4 (Wright,
1986). A log transformation can be used to put oy, on the ETS delta scale with zero as

the null value:

Ay = -(41.7)In{otg) = -2.35In{0tpy) (7)

This transformation results in a negative value for items that are more difficult for the
focal group. The value of 4, is the average amount more difficult that a member of
reference group found the studied item than did comparable members of focal group. For
items of average difficulty, a difference of 1 delta unit is equivalent to approximately a .10
difference in item difficulty and a difference of .8 delta unit is equivalent to approximately
a .08 difference in item difficulty. A negative value of A, indicates that an item favours
the reference group, a positive value indicates that an item is easier for the focal group.
Ay IS @ measure of the size and direction of DIF in the scale of differences in item
difficulty between the reference and focal groups as measured in the ETS delta scale
(Holland & Thayer, 1986).

Ay iS very similar to the effect size measure in analysis of variance. According to
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ETS criteria, test items can be classified into three categories based on the absolute
values of Ay, and their significance level (.05) (Zwick & Ercikan, 1989):

"A" items are those that have absolute A, values less than 1 or not significantly
different from zero (p<.05). These items are considered to function properly or free of DIF.

"B" items are those that have A, values that are significantly different from 0 (p<.05)
and have either absolute values of A,,, at least one but less than 1.5 or absolute values
of one but not significantly greater than one (p<.05). These items may also be used;
however, among otherwise equivalent items, those with the smallest values of A, are
preferred.

"C" items are those with absolute A,,, values at ieast 1.5 and are significantly greater
than one (p<.05). These items are considered to be showing DIF. They should be
included in a test only if it is essential to meet test specifications.

Pragram MANTEL developed by Ackerman (1987) for caiculating the MH statistics

produces values of MH-Z, which is another linear transformation of oyy.

MH-Z = In{ay,)/(-1.7) (8)

MH-Z and 4,,, have basically the same implication, only expressed on different scales.
Both have a value of 0 under the null hypothesis and both provide a measure of the
amount and direction of DIF. Actually, Ay, is equal to MH-Z multiplied by 4. For items of
average difficulty, a difference of .25 MH-Z is equivalent to approximately a .10 difference

in item difficulty and a difference of .20 MH-Z is. equivalent to approximately a .08
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difference in item difficulty. Since this is the only available computer program for
calculating the MH statistics, MH-Z instead of A, is used in this study. In a sense, the
MH-Z is better than A,,, because item difficulty is expressed in standard z scores.

Two steps are suggested by Holland and Thayer (1986) for calculating the MH
statistics:

(1) The MH statistics are computed for all test items with the score groups
constructed using total scores based on all items. The resulting statistics are used as an
initial criterion to identify DIF.

(2) All items showing DIF are eliminated from the test except one (the studied item)
and the total test score of the remaining items plus the studied item is computed again,
and used as the new matching criterion. Score groups are reformed, and the MH

statistics are recalculated for all items.

The Logistic Regression (LR) Procedure
The LR procedure provides a model-based approach for studying DIF. The standard

logistic regression model for predicting the probability of a correct response to an item

from given independent variables is

olhorBi0)

Plu=118)= o (9)

where u is the response to the item, 6 is the observed abiiity

of an individual, B, is the intercept parameter, and B, is the slope
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parameter.

The logistic regression model given above can be used to model! differential item

functioning by specifying separate equations for the focal and reference groups:

PP

Plu;=116) = i=1,...,0, j=1,2. (10)

[1 + emlﬂﬂlﬂ'd] !

where v is the response of individual i in group j to the item, 6 is the
ability of individual i in group j, By, is the intercept parameter and B, is the
slope parameter for group j.

This model is used to predict the probability of a correct response to an item as a
function of examinee ability and group membership. When B,=fg, and ,,=,,, the logistic
regression curves for the two groups are the same, and there is an absence of DIF. An
item shows uniform DIF if B,=B,, While B,;=B:z in which case, the logistic regression
curves are parallel but not coincident. The presence of nonuniform DIF may be inferred
if By#Byp Whether Bo,=Bq, OF Bo=Bee (Swaminathan & Rogers, 1990b}).

Swaminathan and Rogers (1990a) stated that the estimates of the parameters (By,,
Boz» B1y. And Byo) are asymptotically normally distributed. As the MH procedure, the LR
procedure also uses a chi-square test of significance to test the hypothesis of no DIF,
which is

Hy: Bor=Boz and By;=Ps2
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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 procedure can also be used to test the hypothesis of no DIF against the
hypothesis of uniform DIF and the hypothesis of nonuniform DIF separately. The resuits
are two chi-square statistics (one for uniform DIF and one for nonuniform DIF), each with

one degree of freedom.

Selected Studies Examining_
the Distribution and Performance of the MH and LR Procedures

Since Holland and Thayer (1986) introduced the MH approach, many researchers have
studied the effectiveness of this method in identifying differentially functioning test items
under different conditions. Some researchers compared its performance with other
accepted DIF detection procedures. Others studied its stability by manipulating variables
of interest such as sample size, item discrimination, item difficulty, number of score
groups, ratio of reference to focal group members, nature of DIF (uniform vs. nonuniform),
and the criterion for measuring ability.

The influence of sample size on the functioning of the MH statistics was studied by
Mazor, Clauser, and Hambieton (1991). Three data sets of item responses of 2,000
examinees each were generated using a three-parameter IRT model with "c" parameter
fixed at .20. For two of these sets, the ability scores were set to have a normal
distribution with a mean of 0 and standard deviation of 1. These were referred to as
Reference Group 1 and Focal Group 1 with equal abilities. The ability for the third

distribution was set to a mean of -1 and standard deviation of 1. This was referred to as
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Facal Group 2 which was compared with Reference Group 1 (unequal ability groups
comparison). Five sets of 16 DIF items each (80 DIF items) were generated and
combined separately with 59 non-DIF items to create five different 75-item tests. The 80
DIF items reflected five levels of "b" (-2.5, -1.0, 0, 1.0, and 2.5), four levels of "a" (.25,
.80, .90, and 1.25) and four levels of difference in "b" (.25, .50, 1.0, and 1.5) between
reference and focal groups.

The MH procedure was run for each test comparison. Tests were first compared
using al! 2,000 examinees in each group. The first 1,000 examinees in each group were
then selected, and the procedure was rerun. Similarly, this was repeated with 500, 200,
and 100 examinees. To minimize the impact of chance variability, for sampie size at 500
one replication was done for each set, and for sample size at 200 and 100 two
replications were run.

The results showed that the percentage of DIF items correctly identified decreased
as the number of examinees decreased. The MH procedure identified 74% and 64% of
the DIF items (for the equal and unequal distributions, respectively) when groups of 2,000
were used. With a sampie size of 1,000, 61% and 58% (for the equal and unequal
distributions, respectively) of the DIF items were detected. With 500 or fewer examinees,
more than 50% of the DIF items were not identified. The high percentage of items
missed even at the largest sample sizes (2,000) was unexpected. The items most likely
to be missed by the MH procedure in this dataset were those that were very difficult
(b=2.5), those with a small difference in "b" parameter {.25) between the two groups, and

poorly discriminating items (a=.25). When the ability distributions for the groups were
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equal, the detection rates were consistently higher than when the distributions were
unequal.

The differences between the p-values (classical definition of item difficuity) of
reference and focal groups were also calculated based on the sample size of 2,000. A
comparison of the p-value differences between groups, associated with items identified
or missed by the MH procedure, suggested that the statistic might have greater sensitivity
when used with groups of equal ability than when used with groups of unequal ability. The
largest p-value differences associated with DIF items that were missed with the equal
ability comparison were .04, .08, .08, .17, and .23 when using groups of 2,000, 1,000,
500, 200, and 100, respectively. This was in contrast to .07, .15, .17, .23, and .29 when
using groups of 2,000, 1,000, 500, 200, and 100, respectively, for the unequal ability
comparison.

Some of the results of the above study are very similar to those of a study by
Clauser, Mazor, and Hambleton (1991a) in which they used simuiated data with the same
item parameters to examine the effects of item discrimination and difficulty parameters
on the MH procedure. They found that the MH chi-square values increased as the
difference In the difficulty parameter values between the reference and focal groups
increased, but the size of this increase was clearly related to item discrimination. Low
discriminating items (a=.25) were associated with low MH chi-square values even when
the difference in the difficuity parameters was large. Highly discriminating items (a=.90)
produced high MH chi-square values when compared across similarly divergent difficulty

parameter values. In addition, DIF in very difficult items (b=2.50) was not identified by the
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MH procedure indicating the procedure did not function equally effectively across the
entire range of the difficulty scale. This is because there were too few examinees
functioning in that part of the ability distribution. Since the MH statistics are weighted by
the number of examinees in each ability level, DIF occurring within a few sparsely
populated score intervals at the extreme end of the distribution might be missed.

In another study by Clauser, Mazor, and Hambleton (1991b), the influence of the
criterion variable on the identification of differentially functioning test items using the MH
statistic was examined. The dataset for the study was from the 1982 administration of the
New Mexico High School Proficiency Exam which included the responses of 23,000
students to 150 test items. Two random samples of 1,000 Anglo-American and 1,000
Native American examinee item response sets were selected and analyzed. Only 91 of
150 items were used after removing items which discriminated poorly as measured by the
biserial correlation {r<.1), or were very easy (p>.90) in the combined sample of 2,000
examinees. The 91 items were assigned to three groups of 75 each with the constraint
that each item bz included in at least two groups. Therefore, there were 43 items In
common in the three tests. The Mantel-Haensze! procedure was first applied to the three
75-item tests. Items were identified as DIF only if they were identified as DIF in each of
the tests in which they appeared. The items were then categorized as belonging to one
or more of four subtests based on the skills or knowledge needed to select the correct
response (math, reading, prior knowledge, and charts). The first three categories are
mutually exclusive. Items in the "charts" category also appeared in one of the other three

categories. The Mantel-Haenszel statistics were then recalculated for items in each of the
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four subtests. Three additional subtests were aiso constructed by randomly assigning
each of the 91 items to one of the three groups (30, 31, 30) and were analyzed using the
Mantei-Haenszel computer program. The same set of examinees (1 ,000 Anglo-American
and 1,000 Native American) were used in all of the above analyses.

The results showed that based on three runs of the MH computer program analyzing
a total of 91 items {randomly assigned to three 75-item tests with the constraint that each
item be included in at least two groups), 22 items were identified as showing differential
item functioning. When the original set of items analyzed was regrouped and reassessed
within four separate subtests, 32% of the DIF items (7 of 22) were no longer found to be
differentially functioning and 11 new items were identified as DIF. A comparison of DIF
and Non-DIF items in the total test and subtests suggests that systematically changing
the grouping of the test items analyzed resulted in some items showing substantial
changes in their MH statistics. The results indicated that the choice of criterion, total test
score versus subtest score, had a substantial influence on the classification of items as
to whether or not they were differentially functioning between the Anglo- and Native
American groups.

Using the same dataset, Hambleton and Rogers (1988) conducted a detailed analysis
to examine the degree of agreement between the IRT Area method and the Mantel-
Haenszel method in identifying DIF items. Another purpose of their study was to examine
the performance of the two procedures when the ability distribution of the two groups of
interest was considerably different. Four samples of 1,000 examinees each were drawn

(2 Anglo-American and 2 Native American groups). Only 75 of the original 150 items were



22

used. As in the study by Clauser et al. (1991b), items with low discrimination (biserial
correlation r<.10) or which were very easy (p>.90) were excluded because these items
might cause difficulties in the IRT parameter estimation and lead to unstable DIF
statistics. Three-parameter IRT models were fitted to each of the four samples separately.
With 2 Anglo-Native American samples, one replication was conducted to enable the
examination of the consistency with which each DIF statistic identified items across
samples. The MH and ICC (item characteristic curve) Area statistics were calculated for
each item in each of the two comparisons. For the ICC Area method, a cutoff vaiue of
.468 was obtained by carrying out an analysis on iwo randomly equivalent groups (the
two Native American samples).

The IRT Area method results were consistent across samples (of 1,000) about 73%
of the time and the MH results were consistent about 80% of the time. Of the 14 items
consistently identified by the Area Method across the two comparisons and the 9 items
consistently identified by the MH method, 7 items were common. Those items identified
by the MH procedure were more or less a subset of those identified by the Area Method.
The items not identified by the MH procedure were mostly items with nonuniform DIF. The
authors concluded that there is substantial agreement between the IRT Area method and
the Mantel-Haenszel procedure in the detection of items with uniform DIF. Also, the IRT
Area method appeared to detect items with nonuniform DIF; the Mantel-Haenszel did not.

To study the effect of the score distribution on the MH method statistics, a matched
group analysis {650 Native and 650 Anglo-Americans) was carried out. Both the MH and

IRT Area statistics were calculated. The ability interval over which the area was calculated
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was modified to cover the ability scale from 2 standard deviations below the Native
American group mean to 2 standard deviations above the same mean. Thus, attention
was focused on the part of the ability scale where most of the Native American
examinees were located. Restricting the ability interval to focus on the region where most
of the focal group was distributed led to the identification of fewer non-uniformly biased
items with the Area method, and hence, greater congruence with the Mantel-Haenszel
results. The distribution of test scores appeared to have little impact on the Mantel-
Haenszel statistics. Matching the groups according to test score distribution before
calculating the DIF indices did not substantially change the results. The Area method
results were influenced to a much greater extent, although this may have been due in part
to the reduction in sample size which was necessary to achieve matching.

Hambleton, Rogers, and Arrasmith (1988) compared the Mantel-Haenszel statistic
with three other DIF detection methods: the weighted b-value plot method, the root mean
squared difference method, and the total area method. The latter three methods are
based on item response theory. The test data consisted of the item responses of 937
ninth grade students to the 75 test items on the 1985 Cleveland Reading Competency
Test. Simulated data were used to set cutoff scores for interpreting IRT DIF statistics. For
the MH statistic, a .01 level of significance was used. For the weighted b-value plot
method, root mean squared difference method, and the total area method, cutoff values
of 1.40, .11, and .50 respectively were used. The number of items identified varied from
5 to 8 across the methods. There was moderate agreement for the items identified as

showing DIF by the four methods. The evidence suggests that the four methads, leaving
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methodological problems aside, led to the identification of nearly the same set of items
as showing DIF. The four methods did not differ in their detection of DIF items by more
than one item or two after methodological shortcomings were taken into account. The
choice of interval over which bias was defined appeared to be the cause of differences.
Methodological problems included imprecision in establishing cutoff points, Type | errors,
and poor item parameter estimates. The authors concluded that the MH statistic provided
a quick, cheap alternative to the more laborious and expensive item response theory
methods.

Many additional studies have been done on the MH procedure demonstrating it's
validity. However, very few studies relating to the LR procedure have appeared in the
literature. The use of a LR procedure has only recently been proposed by Swaminathan
and Rogers (1990a). So it is relatively untried. However, since it can be used to identify
both uniform and nonuniform DIF, it has already attracted researchers’ attention.

Using simulated data, Swaminathan and Rogers (1990b) compared the power and
detection rates of the MH and LR procedures in identifying items showing DIF. The
factors manipulated in the study were sample size (250 per group/500 per group), test
length (40 items/60 items/80 items), and the nature of the DIF (uniform/nonuniform). The
two DIF detection procedures were compared with respect to the percentage of items with
uniform and nonuniform DIF that was correctly identified and the perceritage of items with
no DIF that was falsely identified. In addition, the power of each DIF detection procedure
was studied by carrying out twenty replications on the combination of sample size of 500

per group and test length of 80 items. No replications were done for other sample sizes
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or test length.

The results showed that for the items with uniform DIF, the two procedures had very
similar detection rates, with the MH procedure having a slight advantage. Both procedures
were able to detect uniform DIF with about 75% accuracy in samples of 250 per group
and with 100% accuracy in samples of 500 across the three levels of test length. For
nonuniform DIF, the MH procedure completely failed to detect nonuniform DIF under any
condition. The LR procedure detected nonuniform DIF with about 50% accuracy with
small samples (250) and short test length (40 items) and 75% accuracy with large
samples (500) and long test length (80 items). The MH procedure consistently produced
around 1% false positives under all conditions; the LR procedure produced between 1%
and 6% false positives. Results of the power study showed that the two procedures are
similarly and highly powerful in detecting uniform DIF, but only the LR procedure is able
to detect nonuniform DIF.

Rogers and Swaminathan (1993) examined the distributional properties and the power
of the LR and MH statistics. In the distribution study, four conditions were simulated by
crossing two levels of model-data fit (good and poor fit) with two levels of sample size
(250 per group/500 per group). Data for a 40-item test for which the LR model provided
good or poor fit were generated using the two-parameter logistic IRT model and the three-
parameter logistic model, respectively. One hundred replications were conducted for each
combination of sample size and model-data fit. Five of the 40 items were chosen to vary
in level of difficuity ("b"=-1.5, "b"=0, and "b"=1.5) and discrimination ("a"=.6, "a"=1, and

"g"=1.6). For each of these five items, the LR and MH statistics were caiculated, and
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empirical sampling distributions were constructed and tested by the Kolmogorov-Smirnov
test to determine if the statistics had the expected distributions.

The results of the distribution study showed that for both the LR and MH test
statistics, the expected distributions were obtained under nearly all conditions. The LR
test statistic did not have the expected distribution for very difficult and highly
discriminating items.

In the power study, 32 conditions were simuiated by crossing two levels of model-data
fit (good and poor fit), two levels of sample size (250 per group/500 per group), 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.
Each condition was replicated 20 times. With each condition, both uniform and
nonuniform DIF were simulated by varying "a’ and "b" parameters. In simulating uniform
DIF, the "a" parameters for the two groups were kept the same but the "b" parameters
for the two groups were different. In simulating nonuniform DIF, the "b"'parameters for
the two groups were the same, but the "a" parameters for the two groups were different.
For each type of DIF in each condition, four sizes of DIF were studied, corresponcling to
IRT area values of .2, .4, .6, or .8. Finally, the data were analyzed by ANOVA in which
the dependent variable was the number of times out of the 20 replications that the item
with DIF was identified by each procedure, and the independent variables werse the
factors manipulated.

For uniform DIF, th= results of the power study showed that test length and shape of

the score distribution did not affect detection rates of either procedure. Model-data fit did
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not affect the LR procedure but had a significant effect for the MH procedure. The MH
procedure was not influenced by the percent of DIF items but the LR procedure was.
Sample size had a strong effect on the detection rates for both procedures. Detection
rates increased by 15% when sample size was increased from 250 to 500. The type of
item also had a large effect for both procedures. The items that were most easily
detected were items of moderate difficulty and high discrimination. Size of DIF produced
the expected effect, detection rates for both procedures were low for DIF items with an
area value of .2, but were high for DIF items with an area value of .6. Overall, the LR and
MH procedures were almost equally effective in detecting uniform DIF with the MH
procedure having a slight advantage.

Results for the detection of nonuniform DIF showed that both procedures were
unaffected by the shape of the score distribution or the percent of items with DIF. The MH
procedure was not sensitive to test length, but the LR procedure was slightly affected.
Both procedures were affected by model-data fit. The detection rates for both procedures
were lower when the model-data fit was poor than when it was good. Again, sample size
produced a strong effect. Other than the size of DIF, the largest effect observed for both
procedures was due to the type of item. For the LR procedure, the lowest detection rate
occurred with items of moderate difficulty and low discrimination, and the highest
detection rate occurred for items of moderate difficulty and high discrimination. The MH
pracedure was unable to detect nonuniform DIF in items of moderate difficulty. For items
of low difficulty, the MH detection rate was still 15% lower than the LR detection rate; for

items of high difficulty, the detection rates were nearly the same. The authors concluded
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that the LR procedure was as powerful as the MH procedure in detecting uniform DIF,
and more powerful than the MH procedure in detecting nonuniform DIF.

Ibrahim (1992) examined the distributional properties and the power of several DIF
identification procedures including the MH chi-square, the MH-Z, the LR, etc. Item
response strings were simulated based on the three-parameter IRT model with the
guessing parameter fixed at .15. Examinee samples were generated with abilities from
a normal distribution (0,1). Two test lengths (42 items and 66 items) and four
arrangements of "a" values were used. In the first arrangement (denoted as D1), all the
items in the test were given an "a" value of .80. In the second arrangement (D2), the first
half of the test had "a"=.80 while the second half of the test had "a"=1.20. For the third
arrangement (D3), the first half had "a"=1.20 while the second half had a=.80. In the
fourth arrangement (D4), all the items had "a"=1.20. "b" values set to range from -2 to 2
were classified into low "b", medium "“b", and high "b". Sample sizes of 1,600/600,
800/300, 400/150 examinees with a ratio of 8:3 in the majority and minority groups,
respectively were used. Within each experimental condition, 100 replications were
performed. For each DIF index within each experimental condition, percentiles of .99, .95,
and .90 for each item over 100 replications were computed. Multivariate analysis of
variance and post hoc univariate ANOVA were used to test for differences in the mean
values of the percentiles obtained over the 100 replications in each test across eaci
experimental condition.

Under the null hypothesis, the distributions of the MH chi-square and the LR

nonuniform chi-square DIF indices were abserved to have sample size and test length
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effects. Generally speaking, increasing sample size and test length resuited in an
increase in the means of the three percentile values (.99, .95, and .90) and they were
greater than expected. The distribution of the LR uniform chi-square indices was not
affected by sample size and test length. The MH-Z was affected by item discrimination.
High discrimination values were associated with high MH-Z values when only D1 and D4
were considered.

In the power study, six DIF items (3 with uniform DIF and 3 with nonuniform DIF)
were simulated by altering either b-values or their a-values for the minority group. The LR
chi-square and the MH chi-square statistics were equally powerful in detecting items \;vith
uniform DIF. Each of them had a detection rate of .96. For nonuniform DIF, the LR
procedure was more powerful. It produced a detection rate of .87. The MH chi-square
produced a rate of .56. The overall false-positive rate for the MH chi-square was .095.
The false-positive rates for the LR chi-square were .087 and .076 for uniform and
nonuniform DIF respectively.

With uniform DIF items, the detection rates of the MH chi-square decreased as levels
of "b" decreased. When the items had nonuniform DIF, a much lower detection rate was
obtained for items with medium "b". For items of medium difficulty, the ICCs for the two
groups crossed in the middle of the ability range and the positive and negative values of
the area between the ICCs would cancel each other; the MH chi-square was not sensitive
to this kind of nonuniform DIF. Similarly, Swaminathan and Rogers (1990a) found that the
MH procedure was insensitive to this kind of DIF. However, the MH chi-square picked up

items with nonuniform DIF with low and high "b"s, in which case the DIF may appear to
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be uniform over most of the ability range. The false-positive rates of the MH chi-square
for low, medium, and high "b"s were .075, .111, and .094 respectively. For both uniform
and nonuniform DIF, the detection rates of the LR procedure increased as levels of "b"
decreased.

For uniform DIF, the MH chi-square had detection rates above .91 at the three sample
sizes (1,600/600, 800/300, and 400/150); while for nonuniform DIF, the rates were .68,
.57, and .42 for the sample sizes of 1,600/600, 800/300, and 400/150 respectively. False-
positive rate of the MH chi-square also increased as sample size increased. The LR
procedure also produced positive relationships between sample size and DIF detection
rate for both uniform and nonuniform DIF. The false-positive rates for sample sizes of
800/300 and 400/150 were equal at .078. The false-positive rate was higher for sample
size of 1,600/600 than those observed for the other two sample sizes by about .02.

ltemn discrimination and test length displayed no significant effect on the DIF detection
rate of the MH, LR uniform and LR nonuniform chi-square statistics. But the false-positive
rate was smaller for the longer test than for the shorter test.

Pang and Boss (1993) studied the effects of sample size, item discrimination "a", and
item difficulty "b" on the distribution of the logistic regression indices under the null
hypothesis. A 41-item test was simuiated. Nine conditions were created by crossing three
levels of sample size (1,000, 500, and 250 in both reference and focal groups) with three
jevels of "a" (.7, 1.0, and 1.3). Three levels of "b" values were used: low "b" {-2.0 to -.7),
medium "b" {-.6 to .6), and high "b" (.7 to 2.0). The logistic regression uniform and

nonuniform DIF indices were calculated and one hundred repiications were done for each
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condition. For each replication, the mean, standard deviation, and skewness of the
distribution of the LR indices were computed for each experimental condition. In addition,
three chosen cutoffs (Pg, Pgs, Pge) Were computed for each condition. A MANOVA was
conducted on the mean, standard deviation, and skewness of the LR indices.

The results indicated that for uniform DIF, the distribution of the LR chi-square index
was not affected by sample size, level of "a", and level of "b". However, the mean of the
LR uniform chi-square DIF index was slightly underestimated compared to the expected
values of a chi-square distribution. Contrary to Ibrahim (1992), sample size had no effect
on the distribution of the LR nonuniform DIF indices. However, level of "a" and level of
"h" affected the distribution of the LR nonuniform DIF index. Large values of "a" and "b"
increased the mean and standard deviation. For high "b"s and "a"=1.3 the mean values
exceeded the expected value of 1.0. For the standard deviation, underestimation was
observed at low "b" and medium “b". Similar patterns were observed for skewness with
both uniform and nonuniform DIF.

With uniform DIF, sample size, level of "a", and level of "b" did not significantly affect
the three cutoffs (Pg, Pgs and Pg). However, the critical values were slightly
overestimated at P, and P, and underestimated at Py, With higher values than
expected, a danger may exist that more biased items would be detected when, in fact,
they are not biased. The authors concluded that the LR chi-square indices for uniform DIF
did not fully fit the expected chi-square distribution in this dataset.

With the nonuniform DIF index, high discrimination value reflected higher values for

Py and P than expected. A significant effect was found for "a"=1.3 at Py and Py As
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was the case with uniform DIF, the critical values were overestimated for Py, and Py
Thus, for both uniform and nonuniform DIF, Type | error may be greater than .05 and .10
if one chooses using Py, and Py of the tabled values of the chi-square statistics as
cutoffs.

Ochieng (1992) conducted a similar simulation study, and studied the effects of
sample size, level of "b", level of "a", and ability distribution on the distributions and
percentiles (Pg, and Pgs) of LR and MH indices under the null hypothesis. Item response
strings were simulated for focal and reference groups for both equal and unequal ability
distributions.

Consistent with the findings by Pang and Boss (1993), LR uniform DIF index was not
infiuenced by sample size, level of "a", and level of "b". Consistent with lbrahim (1992),
sample size showed a significant effect on the MH chi-square and the LR nonuniform DIF
indices. Ability distribution showed no significant effect on any of the four indices. Levels
of "a" significantly affected the mean of the MH chi-square resulting in greater values at
a high level of "a" than at a low leve! of "a". In the case of the LR uniform indices, "a" and
"b" values had no significant effect, while for the LR nonuniform indices, levels of "b"
showed a significant effect on the mean and standard deviation. For the LR uniform
indices the means were close to the expected value of one while the standard deviation
was slightly lower than the expected values. For the LR nonuniform indices both the
means and standard deviation were both close to the expected values.

For LR uniform index, "a" values affected Py, and P, Level of "b" showed a

significant effect on Py, but not on Py of MH chi-square. For LR nonuniform index, levels
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of "b" showed a significant effect on both Py, and Py

At a low sample size and high discrimination level the Py, of MH chi-square was
smaller than the expected value of 2.70. However, at any other level of the independent
variables, the Py, values of MH chi-square were overestimated suggesting that the use
of tabled values would result in higher false positives than expected. The Py, and Pgs
obtained for LR uniform were larger than the expected values of 2.70 and 3.84
respectively. The Py, and Py, values were greater than the tabled values at all the levels
of independent variables for LR nonuniform suggesting that more false positives would
result when the tabled values are used.

Using real data from a Grade 4 provincial reading assessment test in British
Columbia, Brown (1992) compared the performance of the MH and LR procedures in
detecting DIF across sample sizes and over replications. The test consisted of two short
subtests. Sixteen comparison groups were created by randomly selecting cases by
gender and/or region across six levels of sample size: 1,000/1,000, 750/750, 500/500,
300/300, 200/200, and 100/100 examinees per group. The MH chi-square and LR uniform
and nonuniform chi-square indices were then computed separately for each of the two
subtests. Replications were carried out at each sample size from 1 to 5 times, depending
on population available.

The results indicated that compared to the prespecified standards, the DIF detection
rates were low for the MH chi-square, LR uniform, and nonuniform chi-square statistics,
with the LR uniform procedure performing slightly better than the MH procedure. The false

positive rate was about 6% for all three procedures. Agreement between the MH chi-
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square and the LR uniform chi-square procedures were high. Sample size was found to
significantly affect the detection rates of MH and LR. Detection rates were higher for large

sample sizes.

Summary of the Findings

The Distribution Studies

Overall, the distributions of the MH and LR procedures appeared to be met to a
satisfactory degree, at least for practical purposes (Rogers & Swaminathan, 1993).
However, the distributions of the MH and LR nonuniform chi-square DIF indices were
observed to have a slight sample size effect. lbrahim (1992) indicated that increasing
sample size resulted in greater MH and LR indices than expected. In Rogers &
Swaminathan {(1993), the distributional assumptions were less often met when the sample
size of 250 was used than when the sample size of 500 was used. However, sample size
did not affect the distribution of the LR uniform index (lbrahim, 1992; Ochieng, 1992;
Pang & Boss, 1993).

Test length influenced the distributions of the MH and LR nonuniform indices in that
increasing test length resulted in a slight increase in the means of the three percentile
values (.99, .95, and .90) (Ibrahim, 1992). The LR test statistic did not have the expected
distribution for very difficult and highly discriminating items (Rogers & Swaminathan,
1993). In Ochieng (1992) and Pang and Boss (1993), item difficulty and discrimination did
not affect the distribution of the LR uniform index under the null hypothesis, but the mean

and standard deviation of the LR nonuniform index were slightly overestimated as the
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values of item difficulty and discrimination became larger. Ochieng (1992) indicated that

ability distribution had no effect on the distribution of the MH and LR indices.

The Power Studies

Sample size influenced the power of the MH statistics (Mazor, et al., 1991; Rogers
& Swaminathan, 1993; Swaminathan & Rogers, 1990a, 1990b) and the LR procedure
(Ibrahim, 1992; Rogers & Swaminathan, 1993; Swaminathan & Rogers, 1990a, 1990b).
The power of the MH and LR statistics improved with larger samples.

Test length displayed no significant effect on the detection rates of the MH and LR
procedures (lbrahim, 1992; Rogers & Swaminathan, 1993, Swaminathan & Rogers,
1990a, 1990b). However, Rogers and Swaminathan (1990a, 1990b, 1993) also indicated
that for nonuniform DIF the detection rates of the LR procedure were stightly higher for
longer tests than for shorter tests.

ltem difficulty and item discrimination influenced the MH or the LR statistics (Mazor,
et al., 1991: Swaminathan & Rogers, 1990a). In Ibrahim (1992), item difficulty affected
the detection rates of the MH and LR chi-square statistics, but item discrimination did not.
Poorly discriminating and very difficult items were less likely to be identified by both the
MH and LR statistics except at large sample sizes.

The power of the MH and LR statistics to detect the presence of DIF was affected by
the nature of DIF {uniform or nonuniform). Comparative studies between the MH and LR
procedures showed that the LR procedure is as powerfui as the MH procedure in

identifying uniform DIF and more powerful than the MH procedure in identifying
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nonuniform DIF (e.g. Brown, 1992; Ibrahim, 1992; Rogers & Swaminathan, 1993,

Swaminathan & Rogers, 1990a, 1990b).

The probability of success on an item depends on the examinee’s ability. Disparity in
ability distribution between the reference and focal groups was noted to influence the
power of the MH procedure aithough little is known on the possible effects on the LR
procedure (Clauser, et al., 1991; Mazor, et al., 1991). When ability distributions of the
reference and focal groups were equal, correct identification rates were higher than when
the ability distributions were unequal for the two groups. However, Rogers and
Swaminathan {1993) showed that the detection rates of the MH and LR procedures were
not affected by the shape of score distribution. Hambleton and Rogers (1988) also
indicated that the ability distribution did not affect the performance of the MH indices in
their study.

The choice of criterion as a measure of ability, total test score or subtest score, had
a substantial influence on the classification of items as showing DIF (Clauser, et al.,
1991).

The MH statistics have been compared with the LR procedure (Rogers &
Swaminathan; Swaminathan & Rogers, 1990a, 1990b) and some other DIF detection
procedures such as IRT-based methods (e.g. Hambleton & Rogers, 1988; Hambleton,
et al., 1988) and were found to be in agreement with the LR and other DIF deteciion
methods except in the identification of nonuniform DIF. In identifying uniform DIF, the MH
was found to be very powerful. The LR was found to be effective in detecting nonuniform

DIF with relatively high accuracy (Rogers & Swaminathan, 1993; Swaminathan & Rogers,
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1990a, 1990b).

Purpose of the Research

Both the MH and LR procedures have desirable statistical properties in identifying
DIF. Many researchers have studied the effectiveness and consistency of the MH
procedure in the identification of DIF, but little has been done on the performance of the
LR procedure. Moreover, in most of the studies described above on the distribution and
power of the MH and LR statistics simulated data were used. One advantage of a
simulation study is that items with or without DIF and the nature of DIF are generated;
thus, the true DIF conditions of items are known. The power and detection rates of
different procedures can then be compared to the known DIF conditions. Also, the Type
| error rates of the DIF detection statistics can be assessed. Another advantage is that
the performance of the DIF detection procedures can be investigated under different
conditions by manipulating independent variables such as sample size, item difficulty, item
discrimination, and ability distribution. The third advantage is that substantially large
numbers of replications can be carried out, which makes it easier to assess the stability
of DIF indices.

However, the limitation of a simulation study is that the data are generated, and they
may not reflect real life situations. Results based on simulated data may only be
generalizable to the data that meet the conditions under which the data are generated.
In real life situations, sometimes, not all examinees answer all items (e.g. the data used

in this study). Also, guessing is assumed to occur in many testing situations. With easy
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items, guessing is not as frequent as with difficult items. With very difficult items, more
guessing may occur, which may influence the performances of the MH and LR statistics.
Guessing can be built into simulated data, but the guessing parameter is usually held
constant for all the items under study. In reality, different levels of guessing may occur
depending on the background and knowledge of examinees. Moreover, not every
examinee guesses.

Some researchers have employed real examinee data to study the performance of
the MH procedure (e.g. Clauser, et al., 1991). Brown (1992) has used real examinee data
to compare the MH and LR procedures. However, they have conducted no replications
or inadequate numbers of replications due to limited data (5 at most in Brown's study).

Several researchers have reported that the LR procedure was more powerful than the
MH procedure for detecting nonuniform DIF and as powerful in detecting uniform DIF.
However, no assurance can be made that the simulated data used in their study compare
to a real life situation. The validity of their claims is worth testing by an empirical study
using real examinee data.

Sample size affects the power of the LR and MH procedures. In small samples the
test statistic may not be a valid indicator of the presence of DIF. With the MH procedure,
small samples may influence the stability of the estimate of the odds ratio because itis
weighted by the number of examinees in each score interval. Both the MH and LR
procedures use a chi-square test of significance. It is known that the chi-square test
statistic is inflated by large samples. It was found that the power of the MH and LR

statistics improved with larger samples, but there was no agreeinent on how large or how
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small the sample size should be in order to obtain consistent MH and LR statistics. So
far, very little work has been done on the consistency of the MH procedure and especially
the LR procedure across different sample size when using real examinee data. To provide
information regarding optimal sample size needed when using the MH and LR
procedures, a study of their performance under different sample sizes when using real
examinee data is appropriate.

Ackerman (1992) noted that the main cause of item bias is the misspecification of the
latent ability space, where items that measure multiple abilities are scored as though they
are measuring a single ability. When a test is intentionally multidimensional, DIF analyses
using total test score as the matching variable are less likely to be successful. The
dimensionality of the matching criterion has always been an important issue in detecting
DIF. The MH and LR procedures incorporate the notion of comparing the item
performance of members of different groups who are in some sense comparable. The
typical DIF detection approach to ensure comparability of group members is to use the
total test score as a control variable because it is commonly assumed that the total test
score is the most practical and appropriate criterion against which group performance on
individual items within a test can be compared (Clauser, et al., 1991). Totai test score is
used as the predictor in the LR model and as the criterion for grouping examinees in the
MH procedure (Swaminathan & Rogers, 1990). However, tests appearing to be
unidimensional may sometimes include subtests or items that measure more than one
skill or another skill. Clauser, et al. (1991) indicated that systematically changing the

grouping of test items analyzed resulted in some items showing substantial changes in
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their MH statistics. Therefore, another concern for study is whether the choice of criterion
for measuring ability has any effect on the stability of the MH and LR procedures in the
identification of DIF.

Generally speaking, the MH and LR procedures are simple and practical and can be
theoretically justified. Unfortunately, limited information is available regarding the
performance of the two procedures, especially when real examinee data are used. To
provide information on their performance with real data, further research needs to be
conducted on a large and real examinee dataset so that random sampling and a large
number of replications can be achieved.

Based on the above, the purpose of this study was to examine the performance of
the LR and MH procedures and their agreement in the identification of DIF under different
conditions when using real data. This study is especially intended to provide information
on how the MH and LR procedures behave with real examinee data. Three specific
research questions are addressed in this study:

1. How consistently do the MH and LR procedures identify items as showing DIF
across sample size?

2. Does the choice of the criterion for measuring ability have any effect on the
performance of each of the two procedures?

3. Do the MH and LR procedures show agreement in the identification of DIF?
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CHAPTER Il
METHODOLOGY

In this chapter the methodology used to assess the performance of the MH and LR
procedures with real data is presented. The chapter is divided into three sections: data

description, procedures, and data analysis.

Data Description

The ACT Assessment Program is a comprehensive data collection, processing, and
reporting system. A major part of the ACT Assessment Program is a test battery which
includes tests in English, Mathematics, Reading, and Science Reasoning. These tests
measure skills and abilities highly related to high school course work and are used as
predictors of success in colleges and universities. For this study, data from the 1989
administration of the ACT Reading Test (Form 39B) were used. The ACT Reading Test
(Form 39B) is a 40-item test which consists of four reading passages. Based on each
passage, there are 10 multiple choice questions. These questions require not only reading
comprehension skills, but also the ability to draw inferences and conclusions, to examine
the interrelationships and importance of ideas in a passage, and to recognize a writer's
style and mode of reasoning. Passage 1 (P1) is a literature passage. Passage 2 (P2)
describes light and colour in nature. Passage 3 (P3) is about theatrical production in
ancient Greek. The last passage (P4) is related to psychology and is a discussion of

creativity. ltems based on passages 1 and 3 form the Reading Literature/Arts subtest
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(Sub1). ltems based on passages 2 and 4 constitute the Reading Science/Social Studies
subtest (Sub?2).

The available dataset included the item responses of 244,119 examinees of the 1989
administration of the ACT Assessment (Form 39B). The examinees were college-bound
high schoo! seniors mostly from different states of the U.S. In this study, the item
responses of 183,008 Caucasian examinees (75,752 males and 107,256 females) who
took the Reading Test were used as the database. The descriptive statistics for total test

and subtests based on 183,008 Caucasian examinees are presented in Table 2.

Table 2: Descriptive Statistics: ACT Reading Test

Total Sub1 Sub2
(40 items) {20 items) (20 items)
Mean SD KR-20 Mean SD KR-20 Mean SD KR-20
Male 22.33 643 .82 11.85 3.61 .71 1048 3.63 .72
Female 2264 6.13 .80 12.32 346 .69 10.32 354 .71

From the means and standard deviations, one can see that females and males have
approximately equal ability distribution. The reliability of the total test (KR-20) is
moderately high, but decreased for subtests. This is understandable since there are fewer
items in the subtests. Overall, the reliability of both total test and subtests was slightly
lower for females than for males. The correlation between the two subtests is .55, which
is very low. Only about 30% of variance was in common in each subtest.

The descriptive statistics of the four reading passages are presented in Table 3. The

means of the females are slightly higher in Passages 1 and 4 but slightly lower in
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Passages 2 and 3 than those of the males. However, the difference is very small.

Tabis 3: Descriptive Statistics of the Four Reading Passages

P1 P2 P3 P4
(Literature) (Science) (Arts) (Social Studies)
Mean SD Mean SD Mean SD Mean 8D
Male 6.67 2.05 8.15 1.78 518 218 433 265
Female 726 1.95 577 1.66 506 213 455 275

The correlations among the four reading passages are reported in Table 4. They are
even lower than the correlation between the two subtests. The low correlations are very
surprising, which seem to suggest that the four passages share very little in common and

may be measuring four different reading abilities.

Table 4: Correlations Among the Four Reading Passages

P1 P2 P3
P2 .3
P3 43 .41

P4 32 27 42

Procedures
Sampling
Using Holland and Thayer's terminology, female examinees were classified as focal
group members (subgroup of interest) and males were classified as reference group

members (standard to compare perforiiance of the focal group). Grouping in this study
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is arbitrary. Comparison groups were created by randomly selecting cases by gender
across four levels of sample size with an equal number of examinees in both reference
and focal groups: 100/100, 250/250, 500/500, and 1000/1000. Thirty gender comparison
groups were drawn for each level of sample size by random sampling with replacement.
These sample sizes were selected for investigation because they covered a broad range
and were reported in the literature to reflect the kinds of sample sizes available to

practitioners.

Computation of the DIF Statistics

Computation of the MH and LR statistics was performed using computer programs
developed by Ackerman (1987) and Spray (1991), respectively. With the LOGREG
program {Spray, 1991}, the chi-square statistics for testing the hypotheses of no uniform
or nonuniform DIF were calculated separately, each with one degree of freedom. With the
Program MANTEL (Ackerman, 1987), the MH chi-square and MH-Z were computed. As
was noted before, MH-Z is the natural log of o, divided by (-1.7), and it is equivalent to
Ay, divided by 4.

In order to examine the effectiveness of the MH and LR statistics in detecting DIF
when the criterion for measuring ability is varied, the two procedures were first applied
to the Reading Test using total test score as the criterion. Then, the statistics were
calculated for items in each of the two subtests using subtest score as the criterion.
Finally, the statistics were recalculated for items based on each of the four passages

using passage score as the criterion. Licing the passage score as the criterion was not
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originally planned. A surprisingly large rumber of items were detected when subtest score
was used as the criterion. Based on the low correlations among the four passages, a
decision was made to use passage score as the criterion to see if some DIF items would
disappear. In order to minimize the impact of chance variability, 30 replications were
conducted for each combination of sample size and criterion variable.

Holland and Thayer's (1986) suggestion of purifying the matching criterion for
calculating the MH statistics was not addressed in this study since it is very tedious and

was deemed unnecessary to conduct this step with many replications.

Data Analysis

The mean and standard deviation of the MH-Z values and frequency of DIF
identification by the MH and LR chi-square statistics over 30 replications at two
significance levels (.01 and .05) were computed for each item for each combination of
sample size and criterion variable. The agreement between the MH and LR procedures
and the consistency of the two procedures across sample size and criterion were
examined according to the number of times an item was identified. The MH-Z was used
to determine the direction (..e. favouring males or females) and size of difference in item
difficulty. A positive value of MH-Z indicated that an item was easier for females, while
a negative value meant that the item favoured males. Uniike DIF studies where simulated
data are used, there is no means in this study for pre-identifying DIF items. Therefore,
rules had to be specified in interpreting the results of DIF analyses. Three rules were

developed to classify items according to their DIF statistics based on mean MH-Z values
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over 30 replications at sample size of 1,000:

1. No Serious DIF | MH-Z | <.20
2. Possibie DIF  .20<|MH-Z | <.25

3. Definite DIF | MH-Z | 2.25

That is, items with an absolute mean MH-Z less than .20 (] Ay, | <.8) were considered
as free of DIF or not having serious DIF; items with an absolute mean MH-Z value equal
to or greater than .20 but less than .25 (.8<| Ay, | <1) were classified as possible DIF
items: items with an absolute mean MH-Z value equal to or greater than .25 (| &y, | 21)
were identified as definite DIF items. These rules are less stringent than those used by
ETS. The rules used by ETS are based on one replication only. The reason for employing
less rigorous standards is that the mean of MH-Z values for each item over 30
replications instead of the MH-Z values for one replication only was used to classify items.
In using these criteria the sample size of 1,000 was chosen as the standard because it
represents the largest sample size in this study and the MH-Z values should be relatively
stable at this sample size.

Since the MH procedure is not designed to detect nonuniform DIF, the above-
specified rules can only be applied to classify items with uniform DIF. By referring to the
above rules, it was decided that items which had been detected at least 20 times out of
30 replications by the LR nonuniform statistic at the .01 significance level were considered

as possible DIF items, and items which had been detected at least 25 times out of 30



47
replications by the LR nonuniform statistic at .01 significance level were considered as

definite DIF items.
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CHAPTER IV

RESULTS

In this chapter, the results of this study are presented. Included are seven sections:
DIF classification, the infiuence of the criterion variable, sample size effect, nonuniform

DIF, the agreement between the MH and LR procedures, and Type | efror rate.

DIF Classification

The means and standard deviations of MH-Z values over 30 replications for items
identified as having Possible or Definite DIF are reported in Table 5. The means and
standard deviations of MH-Z values over 30 replications for all the forty items are reported
in Table 9 (APPENDIX A). Using the total test score as the criterion for measuring ability,
four items (ltems 1, 2, 5, 19) were identified as Definite DIF and three items (ltems 17,
18, 20) fell into the category of Possible DIF (See Table 5) according to the prespecified
classifica.ion standards based on the MH-Z. The remaining items were considered as free
of DIF, or the DIF effect was not serious.

The DIF detection by the MH-Z statistic using subtest score as the criterion variable
indicated some change of results. Altogether twelve items were identified as showing DIF;
six items were in common with the items identified in the total test and six new DIF items
appeared. Iltem 18 was no longer a DIF item. ltem 2 was now identified as a Possible DIF
item. In Subtest 1 (Reading Literature/Arts), five items were identified with ltems 1, 5, and

23 being Definite DIF. ltems 2 and 26 were Possible DIF. Seven items were flagged in



Table 5 The Means and Standard Deviations of MH-Z Over 30 Replications
for Items Identified as Having Possible or Definite DIF Using Total
Test, Subtest or Passage Score as the Criterion

Total Test Subtest Passage

items Sample Size Mean SD Mean SD Mean SD
1 1,000 32 A1 .28 .09 a7 A1
Total** 500 31 .16 .28 .14 a7 Rk
Subi** 250 33 24 27 .26 18 27
P1 100 46 .31 40 .27 26 27
2 1,000 26 .07 21 .07 07 .09
Total** 500 24 .09 20 .08 07 .09
Subi* 250 26 13 23 13 A1 15
P1 100 26 21 21 .23 05 .26
5 1,000 43 .08 41 .06 30 .09
Total** 500 45 A1 43 .09 30 .09
Subi** 250 A4 .14 42 15 30 16
P1* 100 A4 .23 43 23 29 .26
13 1,000 1 A1 A9 .08 32 .08
Total 500 J2 1 A7 11 31 12
Sub2 250 g2 RK] A7 .16 30 15
p2* 100 14 .33 23 .29 37 26
14 1,000 .08 07 A2 07 .23 .06
Total 500 .09 .07 a2 .07 23 .09
Sub2 250 10 12 15 12 26 g2
p2* 100 05 22 11 .23 26 22
17 1,000 -24 .05 -.21 05 -1 .05
Total® 500 =23 06 -.22 06 -13 .07
Sub2* 250 -.25 13 -.22 A3 -13 .15
P2 100 -.26 .15 .26 A3 -15 13
18 1,000 -.20 .05 -.16 .05 -.04 .05
Total* 500 -19 10 -15 10 -02 10
Sub2 250 -.18 14 -15 A3 -.02 .14
P2 100 -22 18 -19 A7 -.06 A7
19 1,000 -.36 .06 -32 05 -21 .06
Total** 500 =35 10 - 31 .09 -19 .09
Sub2** 250 -.35 10 =32 J1 ~21 12

p2* 100 -34 20 -.33 .20 -.20 22
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Table 5 {Continued)

Total Test Subtest Passage

Items Sample Size Mean SD Mean SD Mean SD
20 1,000 -.23 .08 -1 .08 -.10 .09
Total* 500 -.26 10 «.23 12 -12 13
Sub2* 250 -.24 A5 -.22 14 -13 a5
P2 100 -.28 32 -.29 .36 -.14 37
23 1,000 -.18 .07 -.26 .07 -13 .07
Total 500 -.16 .09 -.22 09 -.09 .09
Subi*™ 250 -.20 10 -.28 10 -.16 A1
P3 100 -.19 19 -.29 19 -1 .16
26 1,000 -.14 .06 -.20 .06 -.09 .06
Total 500 -13 .09 -.19 .09 -.08 10
Sub1* 250 -.15 12 -.22 g2 -10 A2
P3 100 -.24 .20 -.25 21 -.15 21
34 1,000 10 .07 20 .08 06 .09
Total 500 14 .09 23 10 09 10
Sub2* 250 15 A3 22 a4 09 16
P4 100 19 23 26 24 13 .28
35 1,000 16 05 23 .06 14 .06
Total 500 43 09 19 .09 10 .08
Sub2* 250 a2 a2 .18 12 10 13
P4 100 .06 23 14 21 .06 22
36 1,000 A7 .07 27 .08 J2 .08
Total 500 A7 .08 27 .09 R .09
Sub2** 250 16 A1 25 A3 1 14
P4 100 a5 22 26 23 .08 .24
37 1,000 16 .06 .24 .06 AR 07
Total 500 16 11 21 10 .08 .10
Sub2* 250 19 g2 .26 13 14 A1
P4 100 18 22 .26 22 09 19

Note: * Possible DIF, ** Definite DIF. For example, Item 2 was identified as Definite DIF
using total test score as the criterion, Possible DIF using subtest score as the criterion, and
no DIF using passage score as the criterion.
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Subtest 2 (Reading Science/Social Studies). Among them, Items 19 and 36 were Definite
DIF. Items 17, 20, 34, 35, and 37 were Possible DIF (See Table 5).

Using the passage score as the criterion, the number of items identified was reduced
substantially. Only four items were identified, two of which were new DIF items {ltem 13
and Iltem 14). Items 5 and 13 were Definite DIF. ltems 14 and 19 were Possible DIF {See
Table 5). ltems 5 and 19 were identified under all three criteria. However, ltem 19 fell into

a different category of DIF {Possible DIF) when passage score was used.

Influence of the Criterion Variable

The influence of the criterion variable is very obvious. In addition to different numbers
of items and different items identified when using different criteria, it should also be noted
that when the criterion variable was subtest score, the absolute means of MH-Z were
generally lower for items in Passages 1 and 2 and higher for items in Passages 3 and
4 than when the criterion was total test score (See Table 5 and Table 9). This is likely
due to the fact that for each subtest the mean of the females or males is slightly higher
on one passage but lower on the other (See Table 3 on page 43), The means of the
females are slightly higher on Passages 1 and 4 but slightly lower on Passages 2and3
in this dataset. In examining Table 5 and Table 9 (APPENDIX A), the direction of DIF was
such that it favoured the group scoring higher on the passage. DIF items in Passages 1
and 4 favoured females, and in Passages 2 and 3 favoured males. These were the
results observed when the items were examined with the criteria of total test score and

subtest score.
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The low correlations (See Table 4 on page 43) among the four passages seem to
suggest that the four passages are measuring four different reading abilities. As a result,
using total test score and especially subtest score as the criteria for measuring ability
when investigating DIF resulted in too many DIF items detected by the MH and LR
procedures. Also by examining the raw data, it was found that a number of examinees
did not answer the last five to ten items, which implicated an additional speed factor
underlying the examinees’ performance.

When the criterion shifted from total test score to passage score, an even larger
decrease of mean MH-Z values occurred for most of the items in passages 1 and 2
except for mean MH-Z values of Items 11, 13, and 14 which increased substantially.
However, there was a general trend of decrease of the mean MH-Z values for items in
passages 3 and 4 (See Table 5 and Table 9). No general trend of the direction of DIF
was observed. An interesting phenomenon 's that three of the four items detected using
passage score as the criterion were in Passage 2. Using total and subtest score as the
criteria, DIF items identified in Passage 2 all favoured males. However, when passage
score was used, the MH-Z picked up two items with opposite effect, two (ltem 13 and
ltem 14) of the three items identified in Passage 2 favoured females. This DIF effect
against males would have gone uiidetected without using passage score as a criterion,
These two items were not identified in the total and subtest. Since items based on each
passage are associated to a specific content area--Literature, Science, Arts, or Social
Studies, there seemed to exist a passage or context effect. However, It was very hard to

separate the passage effect from the test length effect since there are only ten items in
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each passage. Nevertheless, the effect of test length is interesting since more items were
identified in subtest than in total test and passage. The numbers of items identified in total
test, subtest, and passage were 7, 12, and 4, respectively.

When the criterion shifted from subtest score to passage score, there was a general
decrease of MH-Z values except for a few items (e.g. Item 13 and item 14). The number
of items identified was greatly reduced. The direction of DiF is very consistent between
using total test score and using subtest score as the criteria, but inconsistent between
using total test score and using passage score, and between using subtest score and
using passage score as the criteria. The change of the results from using subtest score
to using passage score as the criterion is similar to that observed from using total test
score to using passage score as the criterion.

By further examining Table 5 and Table 9, it was noticed that the direction of DIF was
more extreme in total and subtest but became balanced in passage. Take Passage 3, for
example; when the total test was used as the criterion variable, the ratio between items
that favoured males and items that favoured females was 7:3. When the criterion was
subtest, the ratio was 9:1. But when the criterion was passage score, the ratio became
5:5. That means there were equal number of items favouring males or females when the
passage score was used as the criterion variable. Similar results were observed for items
in the other three passages (See Table 9).

As for DIF items, three DIF items favoured females in Passage 1 and four DIF items
tavoured males in Passage 2 when the total test score was used as the criterion. When

the criterion changed to subtest score, three items in Passage 1 favoured females; three
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items in Passage 2 favoured males; two items in Passage 3 favoured males; four items
in Passage 4 favoured females. When the criterion was passage score, one item in
Passage 1 and two items in Passage 2 favoured females; one item in Passage 2
favoured males.

In Table 6, the frequency of DIF identification by the MH chi-square statistics and LR
uniform (LR(U)) and nonuniform (LR(N)} chi-square statistics at the .01 significance leveis
for items identified as Possible or Definite DIF is presented. The frequency of DIF
identification at the .01 and .05 significance level for all the forty items are presented in
Table 10 (APPENDIX B) and Table 11 {APPENDIX C), respectively. Identifying DIF at the
.01 significance level was the main concern of this study. The DIF detection results at the
.05 significance level were reported for reference and comparison. Similar results to those
based on MH-Z were found for the detection rates of the MH and LR Uniform chi-square
statistics at the .01 significance levels. As with the size of the MH-Z, when the criterion
changed from total test to subtest, the frequency of DIF detection decreased for items in
Passages 1 and 2 and increased for items in Passages 3 and 4. When passage score
was used as the criterion, the frequency of DIF identification was close to zero for most
of the items (See Table 6, Table 10, and Table 11). As noted above, two items behaved
differently when the criterion changed from total test to passage and from subtest to
passage. They are ltems 13 and 14. Their frequencies increased from close to zero to
23 and 26 respectively for sample size of 1,000 at the .01 significance level.

In order to see if these results were caused by the multidimensionality of the criterion

for measuring ability, an analysis of the dimensionality of the total and subtest was
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Table 6 The Frequency of DIF [dentifications over 30 Replications by the MH and
LR Chi-Square Statistics at the .01 Significance Level for ltems Identified
as Having Possible or Definite DIF

ltems Sample Size Total Test Subtest Passage
MH LR(U) LR(N) MH LR(U) LR(N} MH LR(U) LR(N)
1 1,000 25 26 1 16 17 0 2 3 0
Total** 500 13 15 0 6 7 0 2 3 0
Sub1** 250 5 5 0 4 5 0 4 5 0
P1 100 1 1 1 0 2 0 0 1 0
2 1,000 26 28 i 19 19 3 2 2 1
Total** 500 13 14 2 g 9 1 2 2 1
Sub1” 250 9 10 1 6 8 1 1 2 0
P1 100 1 3 0 1 2 0 1 2 0
5 1,000 29 30 4 30 30 2 24 24 0
Total** 500 28 29 3 29 29 1 24 24 0
Subi** 250 22 25 2 21 22 1 9 10 0
P1* 100 6 16 0 1 14 0 1 2 0
13 1,000 2 2 0 7 7 1 23 23 3
Total 500 0 0 0 1 2 0 9 10 1
Sub2 250 0 0 1 0 1 0 1 2 0
pa* 100 0 0 0 0 0 0 0 2 0
14 1,000 2 2 0 6 6 0 26 26 2
Total 500 1 1 1 2 3 1 14 14 1
Sub2 250 1 1 0 3 3 0 9 9 0
p2* 100 0 0 0 0 0 0 2 2 0
17 1,000 30 30 3 28 29 1 6 7 0
Total* 500 21 22 1 15 19 2 1 4 1
Sub2* 250 11 12 0 7 10 0 2 4 i
P2 100 0 4 0 1 2 0 0 0 0
18 1,000 25 25 2 17 19 2 0 1 0
Total* 500 14 13 0 10 1 0 0 1 0
Sub2 250 6 7 0 4 6 0 0 0 0
P2 100 0 1 0 0 0 1 0 0 1
19 1,000 30 30 1 30 30 3 28 26 1
Total** 500 26 29 1 25 27 2 10 13 2
Sub2** 250 18 198 0 15 18 0 2 4 0
p2* 100 4 7 1 5 6 0 2 3 0
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Table 6 (Continued)

ltems Sample Size Total Test Subtest Passage
MH LR(U) LR(N) MH LR{U) LR(N) MH LR(U) LR(N)

20 1,000 18 18 1 12 17 2 4 7 0
Total* 500 12 1§ 0 8 12 1 1 2 0
Sub2* 250 1 2 1 1 2 2 0 1 2
P2 100 1 3 0 2 3 0 1 1 i
23 1,000 19 19 0 28 29 0 8 8 0
Total 500 5 5 1 1 16 1 U
Subi** 250 3 6 0 9 10 0 3 3 1
P3 100 0 0 0 2 3 0 0 1 0
26 1,000 12 12 1 19 22 2 2 5 0
Total 500 4 7 1 10 1 0 2 4 0
Sub1* 250 2 2 0 5 5 1 1 1 2
P3 100 0 1 0 0 1 0 0 0 4]
34 1,000 6 7 1 21 22 2 4 4 0
Total 500 4 4 0 13 13 0 0 1 1
Sub2* 250 4 3 0 4 4 1 2 2 0
P4 100 1 1 1 2 3 0 2 2 2
35 1,000 14 13 1 26 27 1 10 9 0
Total 500 5 5 0 11 12 0 2 1 0
Sub2* 250 2 1 0 4 4 0 0 0 0
P4 100 1 1 0 1 2 0 0 0 0
36 1,000 16 14 0 27 26 1 6 7 0
Total 500 3 3 1 19 19 2 1 1 0
Sub2™ 250 0 1 0 4 7 1 0 0 0
P4 100 1 1 0 1 2 1 1 1 0
37 1,000 12 12 1 25 27 3 5 4 0
Total 500 8 6 1 9 10 1 1 1 2
Sub2* 250 2 3 0 4 6 1 1 1 0
P4 100 i 2 1 2 4 0 0 0 1
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conducted using program NOHARM |l on a random sample of 1,000 examinees (including
both males and females). Passages were not analyzed since there were t00 few items
(10) in each passage. The dimensionality analyses were also performed separately for
males and females. The results obtained were quite similar to those based on the
combined sample of males and females.

The results of the chi-square test of the fit of the model with 740 degrees of freedom
indicated that the total reading test is not unidimensional. Following this, a two-factor
solution was requested. Although the resulting chi-square test statistic was still greater
than the critical value, the other evidence such as residual matrix and percent of z-values
greater than 1.96 (5%) suggested that the model fit the data. The factor loadings (See
Table 7) obtained from NOHARM Il show that the test contains a dominant factor with
one additional factor. Items 1 to 30 seemed to load on the first factor. items 31 to 40
seemed to load on both the first and the second factor but more heavily on the second
tactor. The dominant factor appeared to be the general reading ability while the smaller
factor appeared to be a speed factor. The same data were again analyzed using three-,
four-, and even five-factor models, but there was no clear indication of dimensions. These
results were not reported for this study.

For Subtest 1, the chi-square test statistic with 170 degrees of freedom for a
unidimensional mode! is 213, which is slightly greater than the critical value of 207. The
percent of z-values greater than 1.96 is .07. Although the hypothesis of unidimensionality
was rejected, a two-factor solution did not produce a clear indication of two factors {See

Table 8), which suggested that Subtest 1 was approximately unidimensional. As for
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Subtest 2, there clearly existed two factors with each factor related to each passage (See
Table 7).

This evidence seems to indicate the multidimensionality of the criterion is the cause
of the results of this study. Another possible reason might be test length. However, in
some way, test length might not be the issue since there were more items identified in

subtest than in total test.

Sample Size Effect

Tables 6 and Table 10 show that sample size had a strong influence on the
performance of ifie MH and LR chi-square statistics. As expected, the power of the MH
and LR chi-square statistics improved substantially as sample size increased. At sample
size of 1,000, the frequency of DIF detection is very high even when the mean effect size
(MH-2) is reiatively small (e.g. Item 10 and some other items). At sample size of 100, the
detection rates for both the MH and LR statistics at .01 significance level were close to
zero for most of the items even when the mean effect size was large. The exception was
item 5. It should be noted that ltem 5 had the largest mean effect size. The means of the
MH-Z for ltem 5 are .43, .41, and .30 at sample size of 1,000 when the criteria were total
test, subtest, and passage, respectively. The influence of sample size on this item is not
as obvious as for other items. The difference between the detection rates at .01 level and
at .05 level for ltem 5 are also not as large as that for other items. However, the detection
rates are still very low at sample size of 100. With a mean effect size of .44 in total test

for Item 5 but still low detection rates (6 times out 30 replications for the MH procedure



Tabie 7 Factor Loadings of tems in the Total Test and Subtests
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Total Test

F1 F2
.50 .00
.56 .04
52 -.02
40 -.02
51 .04
.28 A2
.50 .07
37 .04
30 -.01
.35 .01
49  -12
45  -03
a8 -.01
32 -.08
.39 .02
41 .03
22 .08
41 07
.38 .09
A7 -13
.55 A0
.26 .07
.50 .09
.51 15
.53 .08
.35 .18
.35 .15
48 .23
.30 .20
.35 25
39 .56
27 .68
40 57
46 .60
A7 73
.29 72
31 .55
.18 .24
A7 .35
23 .50

Subtest 1

F1 F2
51 .00
54 -16
52 -24
41 -19
58 -40
.26 .07
53 -.14
39 -22
31 -.16
33 -12
.60 .05
.29 g2
.51 .16
.55 A7
.52 .0¢
.36 A1
.38 .22
49 18
.33 .23
.37 .29

Subtest 2
F1 F2
47 .00
59 .04
kY4 .03
37 -0
45 .09
52 .08
24 A0
A4 14
37 .16
A4 -07
23 .64
.16 71
.23 .65
24 .70
.02 .75
RK .76
.15 .62
A7 27
15 37
.19 .53
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and 16 times out of 30 replications for the LR procedure at the .01 significance level) at
sample size of 100, it definitely indicates that a sample size of 100 is not approximate.

As expected, the means of the MH-Z were relatively consistent across sample size.
However, the standard deviation over 30 replications of the MH-Z for each item increased
as the sample size decreased. For items identified as having DIF, the standard deviations
of MH-Z ranged from .05 to .11 at sampie size of 1,000 and from .13 to .32 at sample
size of 100. Similar variability was observed for items not identified as having DIF (See
Table 5 and Table 9). This is expected since the MH-Z values should be more stable for
large samples than for smalil samples.

There are a number of items that look as though they are biased based on the
frequency of DIF identification (See Table 10 and Table 11). For example, Item 16 and
Item 25 were not classified as DIF items according to the rules set in this study. However,
their detection rates (24 times for Item 16 for total test and 21 times for Item 25 for
Subtest 1 at the .01 leve!) are higher than some of the DIF items (e.g. ltem 1 and ltem
20). In examining Table 5 and Table 9, it was found that these two items had smaller
standard deviations for MH-Z (.06 at sample size of 1,000} comparing to some DIF items.
Also, some definite DIF items (e.g. Item 1) had lower detection rates than some possible
DIF items (e.g. item 17). item 17 also had a much lower standard deviation for MH-Z than
ftemn 1. The mean MH-Z of Item 1 is large (.32 and .28 at sample size of 1,000 in Total
Test and Subtest, respectively). However, its detection rates are not as large as
expected, especially when the criterion was subtest score. From the standard deviations

of MH-Z for item 1 (.11 and .09 at sample size of 1,000 in Total Test and Subtest,
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respectively), one can see that there might be some very small MH-Z values which
reduced the detection rates of this item. This raised question against using small samples,
especially sample sizes below 500, because the standard deviations of the MH-Z are very

high and the detection rates are very low.

Nonuniform DIF

According to the prespecified rules, no definite or possible nonuniform DIF items were
identified. When the total test score was used, item 29 produced the highest frequency
of nonuniform DIF detection at sample size of 1,000 and at the .05 significance level (16
times out of 30 replications). When the criterion was subtest score, item 8 had the highest
detection rate (18 times out of 30 replications at sample size of 1,000 and at the .05
leve!). Item 10 had the highest nonuniform DIF detection frequency when the passage
score was used (15 times at sample size of 1,000 and at the .05 level). The frequencies
of nonuniform DIF detection for other items were all close to zero (<5 times) except for
a few items (5) which have detection rates close to 10 at the .05 significance level. As
expected, the MH procedure did not detect these items as frequently (See Table 11). As

expected, the means of MH-Z for Items 8, 10, and 29 are very low {See Table 9).

The Agreement Between the MH and LR Procedures

A comparison of the frequency of DIF identification by the MH and LR Uniform
procedures shows that, in general, the agreement between the two procedures is very

high in the identification of uniform DIF across sample size and under different criteria
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with the LR procedure producing slightly higher detection rates, However, as sample size

decreased, the discrepancy between the two procedures became larger (e.g. ltem 5).

Tvpe | Error Rate

To provide additional information, the false-positive rates of the MH and LR
procedures were computed based on items which have absolute mean MH-Z values of
.05 or smaller at each sample size for each criterion. Thus the false-positive rate was the
proportion of times these items were identified as having DIF. The results are shown in
Table 8. Since real data were used and the true conditions of each item were unknown,
the values in Table 8 are not truly false-positive rates because they were based on items
with MH-Z values smaller than .05. These rejection rates could be greater than the
nominal level of significance because of the amount of DIF that is present in the item. The
purpose of calculating these values was to get a rough idea of the false rejection rates
of the MH and LR procedures.

Overall, the false-positive rate increased as sample size increased. At the .01
significance level, the MH and LR procedures produced an average false-positive rate of
,007 and .009, respectively, across three criterion variables. With a significance level of
.05, the average false-positive rates produced by the MH and LR procedures under the
three criteria are .041 and .049, respectively. The false-positive rates of both procedures
were within the expected range with the LR procedure producing a slightly higher rate,
which is more obvious at the .05 significance level. The difference may account for the

slightly higher detection rate for the LR procedure.



Table 8 Mean False Positive Rates for the MH and LR Uniform Procedures

.01 .05
Sample MH LR MH LR
T 1,000 .025 025 .072 .078
o 500 .006 .009 .024 .078
t 250 .008 .010 042 .047
a 100 .003 .007 017 .050
|
S 1,000 017 022 .083 .089
u 500 .017 022 072 072
b 250 .000 .007 .067 .060
1 100 .000 .000 .011 011
S 1,000 .000 .000 .033 .044
u 500 .000 .000 033 033
b 250 .000 .000 011 .056
2 100 017 017 .083 .083
1,000 .000 .000 .044 .044
P 500 .000 .000 044 044
1 250 .000 011 .044 .033
100 .008 .025 .033 .083
1,000 .008 017 .083 .083
P 500 .000 .008 .042 .050
2 250 .000 .008 .025 .025
100 .000 .000 022 .033
1,000 .050 .000 .067 .050
P 500 017 .000 022 033
3 250 .020 .020 .053 073
100 .000 .000 .020 033
1,000 .000 .000 000 .000
P 500 .000 .000 011 .033
4 250 .000 017 .022 .033

100 .000 .000 .033 .033
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CHAPTER V

DISCUSSION

Consistent with Swaminathan and Rogers {1990) and other researchers, the findings
in this study indicate that the power of the MH and LR chi-square statistics increased as
the sample size increased. One should not be surprised since any statistic will be more
powerful as the sample becomes larger. The mean MH-Z values are relatively consistent
across sample size. However, the MH-Z statistic is less subject to sampling fluctuations
as the sample size increased.

The implications for practitioners are clear. The results of the MH and LR procedures
are questionable at small sample sizes because of the low detection rates even for large
effect size. It seems that a sample size less than 500 is too small to yield reliable MH and
LR statistics unless the effect size is very large such as for ltem 5. This is also evidenced
by the large standard deviations of the MH-Z observed for sample sizes under 500. Even
items showing large amounts of DIF may go undetected when the sample size is small.
A sample size of 500 or larger seems to produce relatively more stable MH and LR
indices. For items with large MH-Z values (e.g. Item 5), the difference between the
detection rates at sample sizes of 500 and 1000 is very small.

In this study, the performance of the MH and LR procedures was found to be affected
by the criterion variable. Only two items were in common across the three criteria. When
using the total test score as the criterion for measuring ability, seven items were identified

based on the mean MH-Z values. When using subtest score as the criterion variable, the
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means of MH-Z values and the frequency of DIF detection by the MH and LR chi-square
indices dropped for some items and increased for other items. When items were
reanalyzed in the context of the two subtests, six new DIF items were identified. One item
no longer had DIF and another item fell into a different category of DIF classification.
When passage score was used as the criterion, the frequency of DIF detection and the
means of MH-Z showed a general trend of decreasing except for a few items. The
number of items identified was greatly reduced. However, two new DIF items appeared.
It appears that the context in which items were studied might influence the results. Some
of the findings are consistent with Clauser, et al. (1991) in which the choice of criterion,
total test score versus subtest score, had a substantial influence on the performance of
the MH statistics. However, the findings in this study are different from Tian, Pang, and
Boss (1994) in which the DIF detection by either the MH procedure or the LR procedure
was not affected by the changing of criterion variable for the 1989 ACT English Test
dataset.

Surprisingly high numbers of items were identified in this study especially when the
subtest score was used as the criterion. The multidimensionality of the test is probably
the cause of the results in this study. Obviously, the Reading Test and even the two
subtests were composed of different types of reading items. Also the results of
dimensionality analyses by using Program NOHARM Il showed that these tests were not
absolutely unidimensional. Furthermore, test items are related to four different scenarios
and the intercorrelations among the four passages are very low. Ackerman (1992) noted

that the main cause of item bias is the misspecification of the latent ability space. If two
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groups of examinees have different underlying muitidimensional ability distributions and
the test items are capable of discriminating among levels of abilities on these multiple
dimensions, then any unidimensional scoring scheme has the potential to produce item
bias. The results of this study seemed to have provided evidence to support Ackerman’s
(1992) argument. The results of Tian et al. (1994) implied that two English subtests
(Usage/Mechanics and Rhetorical Skills) seemed to be measuring one general English
ability. As a resuit, when the internal criterion was varied, no meaningful changes were
observed on the performance of the two procedures. It was very interesting to see that
some DIF items identified in the total reading test and the two subtests disappeared when
the passage score was used. The items based on each reading passage should be
approximately unidimensional. However, still four DIF items were identified. The findings
in the present study can be explained at least in part by changes in dimensionality of the
criterion variable for measuring ability. One problem for using the passage is that there
are only ten items in each reading passage. A short test may not produce reliable
estimate of ability, which may influence the performance the MH and LR procedures.
Rogers and Swaminathan (1993) indicate no test length effect on the MH and LR uniform
indices. However, the shortest test they simulated was a 40-item test, which is the length
of the total test used in this study.

The results of this study indicate little difference in the detection of uniform DIF
between the MH and LR procedures. The agreement between the MH and LR procedures
in the identification of uniform DIF is very high under all conditions. However, at smaller

sample size, the difference between the two procedures is relatively large with the LR
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procedure having a slight advantage. This is consistent with the results reported in
Rogers and Swaminathan (1993), Swaminathan and Rogers (1990a, 1990b,) where the
two procedures were almost equally effective in detecting uniform DIF. However, it should
be noted that the frequency of DIF identification by the LR procedure is slightly higher
than that by the MH procedure. Whether it indicates that the LR procedure is more
powerful or that the false-positive rate of the LR procedure is higher needs further
investigation. This finding is different from that in Swaminathan and Rogers (19903,
1990b) where the MH procedure had a slight advantage in detecting uniform DIF. This
is probably because the hypotheses of uniform and nonuniform DIF were tested
simultaneously using a chi-square statistic with 2 degrees of freedom. When only uniform
DIF was present, one degree of freedom was lost, hence the statistic might not be as
effective as the MH procedure in detecting strictly uniform DIF. In the present study, the
hypotheses of uniform and nonuniform DIF were tested separately using two chi-square
statistics each with 1 degree of freedom. The slightly better performance of the LR
procedure in the identification of uniform DIF is probably due to its greater power for this
purpose, gained by conserving one degree of freedom.

The results of DIF detection by the LR nonuniform statistic indicated no items in this
dataset exhibited serious nonuniform DIF in this dataset. Items 8, 10, and 29 produced
relatively higher frequency of nonuniform DIF detection than other items but not high

enough to deserve further investigation.
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CHAPTER VI

CONCLUSION

The performance of the MH and LR statistics was investigated through replications
using real data. The findings indicated that a sample size beiween 500 and 1,000 is
necessary in order to obtain reliable MH and LR statistics. The results also indicate that
there is substantial agreement between the MH and LR procedures in the identification
of uniform DIF. The results of this study support the use of both the MH and LR
procedures as practical means of detecting DIF. The ease of calculation and cost-
effectiveness make the two procedures very attractive. Both procedures are very effective
in detecting uniform DIF with the LR procedure having a slight advantage. However, when
the magnitude and direction of DIF are desired, the MH procedure should be used. When
the interaction between the ability level and group membership is suspected, the LR
procedure is preferabie. The advantage of the LR procedure in identifying nonuniform DIF
is not very obvious in this study but has been shown elsewhere (Ibrahim, 1992; Rogers
& Swaminathan, 1990a, 1990b; Swaminathan & Rogers, 1990; Tian, etal., 1994). Finally,
this study suggests the importance of assessing the dimensionality of the test under
scrutiny before doing DIF study. Test developers using the MH and LR procedures to
assess DIF should be cautious in interpreting the resuits when the multidimensionality of
the test is suspected.

This study provided information on the impact of dimensionality on the performance

of the MH and LR procedures with real data. A suggestion for further research is that the
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part dimensionality plays in DIF analysis may be further investigated with a simulation

study so that the dimensionality of the test can be specified.
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Table 9 The Mean and Standard Deviation of MH-Z for Each ltem
Over 30 Replications

Total Test Subtest Passage

Items Sample Size Mean SD Mean SD Mean SD
1 1,000 32 1 .28 .09 A7 Rh
Total*" 500 31 16 28 .14 a7 A1
Subi** 250 33 .24 27 26 18 27
P1 100 46 .31 40 27 26 27

2 1,000 26 07 21 .07 07 .09
Total*™ 500 24 .09 20 .08 07 09
Subi® 250 .26 13 23 43 11 15
P1 100 26 .21 21 .23 05 .26

3 1,000 16 .08 10 .08 -.04 .09
Total 500 16 10 J2 10 -.04 .09
Subi 250 25 25 A1 14 -.01 14
P1 120 22 25 13 25 -.02 .24
4 1,000 A0 07 06 .07 -.06 .08
Total 500 .08 10 04 .09 -.06 .08
Sub1 250 04 14 01 14 -12 13
P1 100 .08 19 06 a7 -.08 .18
5 1,000 A3 .08 a1 .06 .30 .09
Total™ 500 45 A1 43 .09 30 .08
Subi*™ 250 A4 A4 42 15 .30 16
P1* 100 44 23 43 23 29 26

6 1,000 14 .08 09 .06 00 .09
Total 500 14 10 10 .09 .00 .09
Subi 250 a3 14 A1 15 00 16
P1 100 A5 20 07 21 -.06 20
7 1,000 10 .06 05 .06 -12 07
Total 500 I .09 .05 .09 -12 .07
Sub1 250 .06 13 02 14 -.14 15
P1 100 .08 A7 .06 21 -12 19
8 1,000 09 .06 04 .06 -.09 .07
Total 500 08 09 .03 .09 -.08 .07
Sub1 250 .08 A2 04 13 -.10 A4
P1 100 18 A7 A3 A7 -.04 18
9 1,000 05 .06 01 .06 -.12 07
Total 500 02 .09 -.02 .09 -.12 .07
Sub1 250 .03 a2 -.01 A0 -12 A2
P1 100 .03 19 -.01 19 -.15 .20
10 1,000 A8 .06 g2 05 00 .06
Total 500 A7 .07 13 .07 .00 .06
Sub1 250 16 1 A3 A1 01 A2

P1 100 A7 19 a1 A7 02 18
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Table 9 (Continued)

Total Test Subtest Passage

ltems Sample Size Mean sSD Mean sSD Mean SD
11 1,000 .00 .10 .06 .08 18 .09
Total 500 .00 A2 .04 14 A7 13
Sub2 250 .02 19 .08 21 20 .20
P2 100 -.02 32 .06 .29 24 .29
12 1,000 -.14 .09 -.08 .09 01 10
Total 500 -17 .10 -.10 10 -.01 2
Sub2 250 -14 4 -.08 14 02 14
P1 100 -.16 .28 -.09 27 01 .33
13 1,000 A1 1 19 .08 32 .09
Total 500 a2 11 a7 A1 31 A2
Sub2 250 J2 A3 A7 16 30 A5
p2* 100 g4 33 .23 29 37 .26
14 1,000 .08 .07 a2 .07 23 .06
Total 500 09 .07 g2 .07 23 .09
Sub2 250 10 12 A5 A2 26 A2
P2* 100 - .05 22 a1 23 26 22
15 1,000 -1 .08 -.08 .06 .03 .07
Total 500 -13 .09 -.11 A0 02 10
Sub2 250 -1 A1 -.08 A1 03 10
P2 100 -.13 22 -.10 19 02 19
16 1,000 -.19 06 -.15 .05 -.03 .05
Total 500 -.18 .07 -.13 .07 -1 .08
Sub2 250 -.20 J2 -.15 A1 -.03 A3
P2 100 -.18 .20 -14 A7 02 A7
17 1,000 -.24 05 -21 05 -1 .05
Total* 500 -.23 06 -22 .06 -13 .07
Sub2* 250 -25 A3 -.22 13 -.13 15
P2 100 -.26 A5 -.26 a3 -.15 13
18 1,000 -.20 .05 -.16 .05 -.04 .05
Total* 500 -19 .10 -.15 A0 -.02 10
Sub2 250 -.18 14 -.15 s K -.02 Jd4
P2 100 -22 .18 -18 a7 -.06 A7
19 1,000 -.36 .06 -.32 .05 -21 .06
Total** 500 «35 10 -31 .09 -.19 .09
Sub2™ 250 «35 A0 -32 g1 =21 12
p2* 100 - 34 20 -.33 .20 -.20 .22
20 1,000 -23 .08 -.21 .08 -.10 09
Total* 500 -.26 J0 -.23 J2 -12 13
Sub2* 250 -.24 A5 -22 J4 -13 15

P2 100 -.28 32 -.29 .36 -.14 37



Table 9 (Continued)

Total Test Subtest Passage
ltems Sample Size Mean  SD Mean SD Mean SD
21 1,000 -.04 .08 -.09 09 07 .09
Total 500 -.05 10 -11 10 .05 1
Subi 250 -.04 19 -.08 10 05 19

P3 100 -07 .28 -.16 31 05 .09
22 1,000 -.09 .06 -.13 .06 -.05 .06
Total 500 -.08 .08 -10 .09 -.03 .08
Sub1 250 -.08 A2 -.10 M -.03 A1
P3 100 -.09 22 -11 22 -.03 22
23 1,000 -.18 07 -.26 07 -13 07
Total 500 -.16 .09 -.22 .09 -.09 .09
Sub1** 250 -20 10 -.28 10 -.16 1
P3 100 -.19 19 -.29 19 -1 .16
24 1,000 .01 .07 -.05 .06 1 .06
Total 500 00 .08 -.06 .07 10 07
Sub1 250 .01 1 -.06 A1 10 RE
P3 100 -.03 20 -10 19 09 19
25 1,000 -1 .06 -.19 .06 -.06 07
Total 500 -.16 .08 -.22 .08 -.08 .08
Sub1 250 -.06 14 -.12 15 01 14
P3 100 -1 14 -.18 16 -.03 14
26 1,000 -14 .06 -.20 .06 -.09 .06
Total 500 -.13 .09 -.19 .09 -.08 10
Sub1* 250 -.15 J2 -22 a2 -10 a2
P3 100 -.24 .20 .25 21 -15 21
27 1,000 -13 07 -.18 07 -07 07
Total 500 -.14 .09 -.20 08 -10 .09
Sub1 250 -.10 A1 -.14 A0 -.05 A1
P3 100 -11 A7 -15 18 -.03 19
28 1,000 .03 .06 -.02 .06 a2 .07
Total 500 00 .09 -.04 09 10 A0
Sub1 250 -.02 .08 -.07 10 .06 11
P3 100 -.03 18 -.03 20 J1 21
29 1,000 03 .05 00 .05 10 .05
Total 500 05 .08 01 08 1 .08
Sub1 250 .04 1 01 A1 10 A1
P3 100 04 20 .00 19 1 18
30 1,000 -.04 .06 -.08 .06 01 06
Total 500 -.02 .08 -.07 .09 03 .10
Subi 250 -.0c. A7 -.09 .15 .02 A7

P3 100 -.08 .16 -.10 A7 01 .16



Table 9 (Continued)

Total Test
Items Sample Size Mean Sb
31 1,000 -.04 .05
Total 500 -01 10
Sub2 250 -.04 a2
P4 100 .02 22
32 1,000 .0 .06
Total 500 .01 07
Sub2 250 01 1
P4 100 .03 19
33 1,000 .05 .05
Total 500 05 .09
Sub2 250 .06 A3
P4 100 09 20
33 1,000 10 .07
Total 500 A4 .09
Sub2* 250 .15 A3
P4 100 19 23
35 1,000 16 05
Total 500 A3 .09
Sub2* 250 A2 32
P4 100 06 23
36 1,000 A7 .07
Total 500 A7 .08
Sub2** 250 .16 A1
P4 100 15 22
37 1,000 16 .06
Total 500 .16 A1
Sub2* 250 19 g2
P4 100 18 22
38 1,000 - 11 .08
Total 500 -.10 .09
Sub2 250 -.16 N R
P4 100 -.14 21
339 1,000 -.03 05
Total 500 -.02 .07
Sub2 250 .00 A3
P4 100 00 22
40 1,000 -.03 .05
Total 500 -.02 .07
Sub2 250 -.04 A3
P4 100 -.04 18

Subtest
Mean sD
.02 .06
.06 Nh
.02 12
.08 25
09 .06
.08 07
.08 13
.15 .18
a3 .05
g2 .08
14 Jd2
20 .19
20 .08
.23 10
22 14
.26 24
.23 .06
19 .09
.18 12
14 21
27 .08
27 .09
.25 13
.26 .23
24 .06
.21 10
.26 RK
.26 22
-.08 .06
-.06 .10
-12 J1
-10 20
.01 .04
.03 .07
.05 A3
.03 21
.02 .06
.03 .08
.02 13
.02 .25

Passage

Mean SD
-.06 07
-.03 A1
-07 J2
-.01 23
01 05
-.01 A0
-.02 A5
03 21
03 .05
01 .08
.03 A2
.07 19
.06 .09
09 10
09 16
A3 28
Jd4 .06
A0 .09
A0 13
06 22
A2 .08
a1 .09
A1 14
08 24
A1 .07
.08 .10
14 A1
09 19
-17 .06
-.14 11
-.20 J2
-19 .21
-.08 .05
-.06 .07
-.03 A3
-.08 20
-12 05
-.11 .08
-11 J3
-14 .26

Note: * Possible DIF, ** Definite DIF
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Table 10 The Frequency of DIF Identifications over 30 Replications by the MH
and LR Chi-Square Statistics at the .01 Significance Level

ltems Sample Size Total Test Subtest Passage
MH LR(U) LR(N}) MH LR(U) LR(N) MH LR(U) LR(N)
1 1,000 25 26 1 16 17 0 2 3 0
Total** 500 13 15 0 6 7 0 2 3 0
Sub1** 250 5 5 0 4 5 0 4 5 0
P1 100 1 1 1 0 2 0 0 i 0
2 1,000 26 28 1 19 19 3 2 2 1
Total** 500 13 14 2 9 9 1 2 2 1
Sub1* 250 9 10 1 6 8 1 1 2 0
P1 100 1 3 0 1 2 0 1 2 0
3 1,000 10 10 3 3 5 5 0 0 0
Total 500 4 4 1 0 1 0 0 0 0
Subi 250 0 1 1 0 1 1 0 0 0
P1 100 0 0 1 0 0 0 0 0 0
4 1,000 6 6 0 0 1 0 1 1 0
Total 500 0 1 0 0 0 0 1 1 0
Sub1 250 0 1 1 0 0 0 1 2 0
P1 100 0 0 0 0 0 0 0 0 0
5 1,000 29 30 4 30 30 2 24 24 0
Total*™ 500 28 29 3 29 29 1 24 24 0
Sub1** 250 22 25 2 21 22 1 9 10 0
P1* 100 6 16 0 11 14 0 1 2 0
6 1,000 8 7 0 4 3 0 0 0 0
Total 500 4 5 1 2 2 0 0 0 0
Sub1 250 3 3 1 1 2 0 0 1 1
P1 100 2 1 0 1 1 1 0 0 0
7 1,000 6 7 2 2 2 2 3 4 2
Total 500 3 2 0 2 1 1 3 4 2
Sub1 250 0 0 0 0 0 0 4 4 0
P1 100 0 0 0 0 0 1 0 0 1
8 1,000 5 4 6 1 1 10 2 2 4
Total 500 3 3 2 0 1 3 2 2 4
Subi 250 1 2 1 0 1 1 1 1 0
P1 100 0 1 0 0 1 0 0 0 0
g 1,000 1 1 1 0 0 2 1 3 1
Total 500 1 1 1 0 0 0 1 3 1
Sub1 250 1 0 1 0 0 0 1 1 0
P1 100 0 0 0 0 0 1 0 0 0
10 1,000 15 15 7 6 6 4 0 0 4
Total 500 1 g 4 4 4 4 0 0 4
Subt 250 3 5 4 0 2 2 0 0 5
P1 100 2 2 1 1 1 1 0 1 1
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Table 10 (Continued)

ltems Sample Size Total Test Subtest Passage
MH LR(U) LR(N) MH LR(U) LR(N}) MH LR(U) LR(N)

11 1,000 2 1 0 1 1 0 7 8 3
Total 500 0 0 0 0 0 1 1 2 0
Sub2 250 0 0 0 0 0 0 2 2 0
P2 100 0 0 0 0 0 0 0 0 0
12 1,000 5 6 1 2 i 6 0 0 1
Total 500 3 3 1 0 1 2 0 0 0
Sub2 250 0 0 0 0 0 1 0 0 3
P2 100 0 0 0 0 0 1 0 0 0
13 1,000 2 2 0 7 7 1 23 23 3
Total 500 0 0 0 1 2 0 g 10 1
Sub2 250 0 0 1 0 1 0 1 2 0
p2** 100 0 0 0 0 0 0 0 2 0
14 1,000 2 2 0 6 6 0 26 26 2
Total 500 1 1 1 2 3 1 14 14 1
Sub2 250 1 1 0 3 3 0 9 9 0
p2* 100 0 0 0 0 0 0 2 2 0
15 1,000 11 19 2 2 2 2 1 1 1
Total 500 7 8 0 4 5 2 0 0 1
Sub2 250 1 2 0 0 2 0 0 0 0
P2 100 0 0 0 0 1 0 0 0 1
16 1,000 24 24 2 16 16 3 0 0 0
Total 500 i1 12 0 4 5 1 0 0 1
Sub2 250 4 4 0 0 3 0 0 0 1
P2 100 0 1 0 0 0 0 0 0 2
17 1,000 30 30 3 28 29 1 6 7 0
Total* 500 21 22 1 15 19 2 1 4 1
Sub2* 250 11 12 0 7 10 0 2 4 1
P2 100 0 4 0 1 2 0 0 0 0
18 1,000 25 25 2 17 19 2 0 1 0
Total* 500 14 13 0 10 11 0 0 1 0
Sub2 250 6 7 0 4 6 0 0 0 0
P2 100 0 1 0 0 0 1 0 0 1
19 1,000 30 30 1 30 30 3 24 26 1
Total™ 500 26 29 1 25 27 2 10 13 2
Sub2** 250 i8 19 0 15 18 0 2 4 0
p2* 100 4 7 1 5 6 0 2 3 0
20 1,000 18 18 1 12 17 2 4 7 0
Total* 500 12 15 0 8 12 1 1 2 0
Sub2* 250 1 2 1 1 2 2 0 1 2
P2 100 1 3 0 2 3 0 1 1 1
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Table 10 (Continued)

ltems Sample Size Total Test Subtest Passage
MH LR(U} LR(N) MH LR(U) LR(N} MH LR({U) LR(N)

21 1,000 1 1+ 0 3 3 0 0 0 O
Total 500 o o o o0 0 ©0 0 0 1
Subl 250 o 1+ 1 1 1 1 0 0 1

P38 100 o o o o o 0 0 o0 1
22 1,000 2 3 o0 9 & 0 1 0 0
Total 500 o o 1 1 2 ©0 0 0 0
Subt 250 o o o o 0 0 0 0 ©

P3 100 o o o0 o0 1 0 0 0 0
23 1,000 19 19 0 2 2 0 8 8 0
Total 500 5 5 1 11 1® 1 1 1 1
Subi** 250 3 6 0 9 1w 0 3 8 1
P3 100 o o o0 2 3 0 0 1 0
24 1,000 2 1 0o 0 0 0 4 4 0
Total 500 o o o 1 1 0 0 1 0
Subi 250 o o o o0 1 06 0 0 O
P3 100 o o t 0 0 2 0 0 0
25 1,000 0 1 1 20 21 0 2 2
Total 500 7 & 0 13 15 1 0 0
Subi 250 1 2 0o 2 2 0 1 1 0
P3 100 o o 00 o0 0 0 0 0 O
26 1,000 2 12 1 19 2 2 2 5 0
Total 500 4 7 1 10 11 0 2 4 0
Subi* 250 2 2 o 5 5 1 1 1 2
P3 100 o 1+ o o i 0 0 0 0
27 1,000 11 12 0 18 18 8 5 5 0
Total 500 7 9 0 13 18 0 3 3 0
Subi 250 t 2 0 1 2 0 0 0 0
P3 100 o o o o0 1t 0 0 0 O
28 1,000 1 1+ o0 o 0 0 7 9 i
Total 500 o o o 1 1 o 1 1 0
Subi 250 °©o 0 o ©o o0 2 0 0 O
P3 100 o o o o 0 + 0 2
29 1,000 { 1+ 1 0 1 38 2 4
Total 500 o o o o 1 1 0 2 f
Subi 250 1 1+ 2 0 0o 1 2 2 0
P3 100 o 1+ 1 0 o0 1 1 1 1
30 1,000 i1 2 {1 5 7 2 0 0 2
Total 500 i 1 o0 1 2 0 0 o O
Subt 250 1t 1 0 1+ 1 0 2 2 1
P3 100 o 1+ 1 0o 1 t 0 0 i
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Table 10 {Continued)

ltems Sample Size Total Test Subtest Passage
MH LR(U) LR(N) MH LR{U) LR(N} MH LR({U) LR(N)

3 1,000 1 1 2 0 0 0 0 3 2
Total 500 1 1 2 3 4 1 0 0 0
Sub2 250 0 0 1 0 0 2 0 1 0
P4 100 0 0 0 0 0 2 0 0 0
32 1,000 0 0 0 3 3 2 0 0 0
Total 500 0 0 0 0 1 0 0 0 0
Sub2 250 0 0 0 0 0 3 0 0 1
P4 100 0 0 0 0 0 0 0 0 0
33 1,000 0 0 0 7 7 i 0 0 0
Total 500 0 1 0 2 2 0 0 0 0
Sub2 250 0 0 0 1 2 1 0 0 0
P4 100 0 0 0 0 0 i 0 0 1
34 1,000 6 7 1 21 22 2 4 4 0
Total 500 4 4 0 13 13 0 0 i 1
Sub2* 250 4 3 0 4 4 1 2 2 0
P4 100 1 1 1 2 3 0 2 2 2
35 1,000 14 13 1 26 27 i 10 9 0
Total 500 5 5 0 11 12 0 2 1 0
Sub2* 250 2 1 0 4 4 0 0 0 0
P4 100 1 1 0 1 2 0 0 0 0
36 1,000 16 14 0 27 26 1 6 7 0
Total 500 3 3 1 19 19 2 1 1 0
Sub2™ 250 0 1 0 4 7 1 0 0 0
P4 100 1 1 0 1 2 1 1 i 0
37 1,000 12 12 1 25 27 3 5 4 0
Total 500 8 6 1 9 10 1 1 1 2
Sub2* 250 2 3 0 4 6 1 1 1 0
P4 100 1 2 1 2 ] 0 0 0 1
38 1,000 8 8 2 5 6 1 14 16 0
Total 500 2 3 0 2 3 0 8 9 0
Sub2 250 2 3 0 1 1 0 4 3 0
P4 100 1 0 0 0 0 0 1 1 0
39 1,000 0 0 2 0 0 5 1 1 1
Total 500 0 0 2 0 0 1 0 1 0
Sub2 250 0 0 2 0 0 1 0 1 0
P4 100 1 i 0 1 1 0 0 2 0
40 1,000 0 0 0 0 0 1 1 4 0
Total 500 0 0 0 0 0 1 1 1 0
Sub?2 250 0 0 0 0 0 0 0 0 0
P4 100 0 0 1 0 0 1 0 2 0
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Table 11 The Frequency of DIF Identifications over 30 Replications by the MH
and LR Chi-Square Statistics at .05 Significance Level

ltems Sample Size

1
Total**
Subi™

P1

2
Total**
Subi1*

P

3
Total
Sub1

P1

4

Total

Sub1
P1

5
Total**
Sub1™*

P1*

6
Total
Sub1

P1

7
Total
Sub1

P1

8
Total
Sub1

P -

9
Total
Sub1

P1

10
Total
Subi

P1i

1,000
500
250
100

1,000
500
250
100

1,000
500
250
100

1,000
500
250
100

1,000
500
250
100

1,000
500
250
100

1,000
500
250
100

1,000
500
250
100

1,000
500
250
100

1,000
500
250
100

Total Test
MH LR(U) LR(N)

28 29
18 22
9 13
6 9
29 30
20 23
13 15
6 8
19 19
9 11
4 4
4 7
1 12
3 6
2 2
0o 3
30 30
29 30
29 30
17 20
15 19
9 9
4 5
3 3
10 11
7 6
2 3
0o 3
g 8
5 5
4 3
3 3
3 5
1 1
1 2
0 0
23 25
18 17
10 11
4 2

Wb OCUIN= PDRAOO N2 2@ PDOIARY ~ =D OO =W

—te

DO == H =W

ot
- o

25
15
5
4

26
15
12

5

ONWOT O —+ o

== A O 2
Qo0 o o

O - tm 2 WWMND ~NDMOD® OO

oo SR

Subtest
MH LR(U) LR{N)

25
18
7
5

26
14

NS O~—t N WD WO O

1
1
1
2
5
2
1
0

11

3
6
1
2
0
2
0
9
5
3
4
1
0
1
2

—

0

3
1
3

—

8

4
3
1
4
1
4
2

11

10
7
3

MH LR(U) LR(N)

L OO A NOD —mRO® o cownn NN oromw comvw OO PO

Passage
8 0
8 0
5 1
3 1
7 1
7 1
6 1
5 1
2 4
2 4
0 2
1 3
2 2
2 2
5 0
0 1
7 2
27 2
16 1
11 0
2 P
2 1
2 1
1 3
1 6
11 6
5 6
1 3
6 4
6 4
3 3
2 1
7 2
7 2
2 1
3 0
0 15
0 15
1 8
2 4
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Table 11 (Continued)

ltems Sample Size Total Test Subtest Passage
MH LR(U) LR(N) MH LR{U) LR(N) MH LR{U)} LR{N)

11 1,000 3 2 2 2 2 2 12 14 7
Total 500 1 0 1 3 2 3 6 7 3
Sub2 250 2 2 2 2 3 5 3 3 1
P2 100 0 1 2 1 1 2 1 3 0
12 1,000 0 12 7 6 6 10 2 2 4
Total 500 6 8 5 3 3 5 0 0 4
Sub?2 250 2 2 4 0 1 5 0 0 3
P2 100 0 3 1 0 1 3 1 2 3
13 1,000 6 7 2 17 17 1 27 28 6
Total 500 2 2 1 3 6 1 16 19 4
Sub? 250 1 2 3 2 2 2 5 8 2
P2 100 0 2 0 2 3 1 2 4 1
14 1,000 6 5 1 11 11 2 29 28 8
Total 500 4 3 2 6 6 1 20 20 2
Sub2 250 2 3 0 5 7 0 14 15 0
P2* 100 1 2 1 3 4 1 5 4 5
15 1,000 18 20 4 11 1 8 5 4 2
Total 500 10 13 6 9 g 5 3 3 1
Sub2 250 3 7 1 3 3 1 0 0 0
P2 100 1 4 0 1 2 3 1 1 3
16 1,000 27 29 4 23 23 5 2 2 1
Total 500 i6 18 1 9 12 1 0 1 2
Sub2 250 11 13 4 7 19 2 1 1 1
P2 100 4 7 3 2 3 3 0 0 2
17 1,000 30 30 6 30 30 5 12 18 0
Total* 500 29 28 5 24 26 5 8 11
Sub2* 250 24 18 2 17 18 3 8 9 2
P2 100 12 10 0 6 6 1 1 4 0
18 1,000 22 30 3 22 25 5 1 2 0
Total* 500 16 17 3 13 14 3 2 2 2
Sub2 250 12 12 ¢ 8 9 0 2 2 1
P2 100 5 7 1 2 6 2 0 0 1
19 1,000 30 30 4 30 30 6 28 29 2
Total™ 500 29 29 3 28 29 5 16 18 2
Sub2* 250 24 26 2 23 23 1 12 12 2
p2* 100 12 14 4 10 12 1 3 5 3
20 1,000 25 25 3 23 23 2 7 10 3
Total* 500 17 19 2 16 18 2 6 9 1
Sub2* 250 6 9 4 5 8 6 1 2 7
P2 100 3 6 4 5 5 2 3 4 5
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Table 11 (Continued)

ltems Sample Size Total Test Subtest Passage
MH LR(U) LR(N) MH LR{U) LR{N) MH LR(U) LR(N)
21 1,000 3 2 0 5 5 0 1 1 0
Total 500 0 0 0 3 3 0 0 0 2
Sub1 250 2 2 1 2 1 1 0 1 3
P3 100 0 0 2 0 2 1 1 1 4
22 1,000 9 8 0 14 13 0 3 2 1
Total 500 2 3 2 5 7 3 0 i 3
Sub1 250 1 3 2 3 4 2 1 1 0
P3 100 2 5 1 3 6 2 1 2 3
23 1,000 24 25 0 30 30 i 16 17 1
Total 500 10 13 2 23 24 2 3 4 3
Sub1** 250 10 11 2 15 19 2 3 3 1
P3 100 0 4 0 5 6 2 1 2 0
24 1,000 2 1 0 3 4 ) 1 11 0
Total 500 1 1 0 1 2 0 2 3 0
Subi 250 0 1 0 1 1 4 3 3 1
P3 100 1 1 2 0 1 2 3 5 0
25 1,000 15 17 5 27 27 4 4 5 1
Total 500 13 12 0 22 23 2 5 4 2
Sub1 250 3 3 0 4 4 2 3 4 0
P3 100 0 1 1 0 2 2 0 0 1
26 1,000 16 17 0 27 27 8 10 10 1
Total 500 10 13 3 16 18 4 6 6 1
Sub1* 250 4 6 2 11 13 5 3 3 2
P3 100 6 8 8 6 8 0 2 2 1
27 1,000 13 16 4 22 24 5 7 9 4
Total 500 12 13 0 17 18 0 6 7 0
Subi 250 2 2 0 4 4 0 1 1 0
P3 100 0 3 0 3 3 0 1 1 2
28 1,000 2 2 2 2 2 2 13 14 2
Total 500 1 2 1 2 2 1 6 7 1
Subi 250 0 0 1 1 1 2 i 1 1
P3 100 0 0 2 0 0 4 3 3 2
29 1,000 2 2 16 2 1 6 12 11 6
Total 500 1 2 4 2 2 2 10 11 3
Sub1 250 2 2 3 1 2 3 3 3 2
P3 100 1 2 5 1 1 3 2 3 3
30 1,000 3 4 2 10 N 2 1 1 5
Total 500 1 2 2 4 6 3 2 2 3
Subi 250 2 2 1 3 3 2 3 4 3
P3 100 i 1 2 2 2 3 0 1 4
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Table 11 (Continued)

Items Sample Size Total Test Subtest Passage
MH LR{U) LR(N) MH LR{U) LR(N) MH LR(U) LR(N)

31 1,000 3 3 3 2 3 1 5 9 2
Total 500 1 1 3 5 5 4 0 2 1
Sub2 250 1 0 3 0 0 3 1 1 4
P4 100 i 3 2 2 2 3 2 2 4
32 1,000 2 3 2 7 7 2 0 0 1
Total 500 0 0 4 2 3 1 i 1 2
Sub2 250 0 1 2 1 2 4 0 1 2
P4 100 0 0 1 0 1 5 0 0 3
33 1,000 1 3 1 17 17 5 0 1 1
Total 500 2 2 0 7 10 2 0 1 1
Sub2 250 3 2 1 3 4 1 i 0 0
P4 100 2 1 3 4 4 2 1 0 1
34 1,000 11 12 6 24 24 7 5 4 2
Total 500 11 12 1 23 24 3 2 2 3
Sub2* 250 6 5 5 12 12 6 4 4 2
P4 100 5 6 2 6 8 3 2 2 3
35 1,000 23 28 3 29 30 5 15 15 0
Total 500 9 7 0 17 18 2 5 5 0
Sub2* 250 5 7 1 7 9 2 3 3 i
P4 100 2 2 1 2 4 1 1 2 1
36 1,000 2 21 3 30 30 5 "1 N 1
Total 500 11 15 4 22 5 5 2 3 1
Sub2** 250 4 6 2 12 13 2 1 2 0
P4 100 1 2 2 3 6 2 1 2 0
37 1,000 21 20 2 27 27 3 11 N 4
Total 500 i1 10 1 18 17 3 3 3 2
Sub2* 250 6 8 1 12 15 1 4 5 2
P4 100 3 5 4 4 7 4 2 2 4
38 1,000 12 17 6 8 8 5 20 23 1
Total 500 6 9 2 4 6 0 11 12 3
Sub2 250 5 8 2 3 3 1 8 13 2
P4 100 3 5 5 2 1 1 2 6 0
39 1,000 2 1 8 0 0 10 3 6 4
Total 500 0 0 6 0 0 4 1 3 2
Sub2 250 3 2 4 1 4 4 1 1 5
P4 100 1 2 0 2 2 0 2 2 0
40 1,000 0 2 2 1 1 4 i1 14 1
Total 500 0 0 5 0 0 1 3 7 1
Sub2 250 0 1 1 0 1 0 1 2 0
P4 100 0 2 3 3 3 3 3 3 0





