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SUMMARY

Assessment of test bias is important to establish the construct validity of tests. Assessment of differential
item functioning (DIF) is an important first step in this process. DIF is present when examinees from
different groups have differing probabilities of success on an item, after controlling for overall ability
level. Here, we present analysis of DIF in the Cognitive Assessment Screening Instrument (CASI) using
data from a large cohort study of elderly adults. We developed an ordinal logistic regression modelling
technique to assess test items for DIF. Estimates of cognitive ability were obtained in two ways based
on responses to CASI items: using traditional CASI scoring according to the original test instructions as
well as using item response theory (IRT) scoring. Several demographic characteristics were examined
for potential DIF, including ethnicity and gender (entered into the model as dichotomous variables),
and years of education and age (entered as continuous variables). We found that a disappointingly large
number of items had DIF with respect to at least one of these demographic variables. More items were
found to have DIF with traditional CASI scoring than with IRT scoring. This study demonstrates a
powerful technique for the evaluation of DIF in psychometric tests. The finding that so many CASI
items had DIF suggests that previous findings of differences between groups in cognitive functioning
as measured by the CASI may be due to biased test items rather than true differences between groups.
The finding that IRT scoring diminished the impact of DIF is discussed. Some preliminary suggestions
for how to deal with items found to have DIF in cognitive tests are made. The advantages of the DIF
detection techniques we developed are discussed in relation to other techniques for the evaluation of
DIF. Copyright © 2004 John Wiley & Sons, Ltd.
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INTRODUCTION

Bias in cognitive screening scales

Bias is a serious problem in psychometric tests. Differential item functioning (DIF) is said to
be present when examinees from different groups have differing probabilities of success on an
item, after controlling for overall ability [1]. If an item is free of bias, responses to that item
will be related only to the level of the underlying trait that the item is trying to measure.
If item bias is present, responses to the item will be related to some other factor as well as
the level of the underlying trait [2]. The tight relationship between the probability of correct
responses and ability or trait levels is an explicit assumption of item response theory (IRT)
[3] and an implicit assumption of classical test theory [4]. The presence of large numbers of
items with DIF is a severe threat to the construct validity of tests and the conclusions based
on test scores derived from items with and items without DIF.

Previous studies have examined cognitive tests for the presence of potential test bias with
respect to a number of different demographic characteristics. These include education [5—14],
social class [5, 12, 13], neighbourhood type [15], ethnicity [16—19], and age [11, 14]. Various
methodological approaches have been taken in these prior analyses. In this paper, we review
the various methodologies for detecting DIF and discuss their strengths and limitations. We
then outline a novel approach to the detection of DIF using insights from epidemiological
methods applied to an ordinal logistic regression (LR) technique first developed without these
insights [20]. We then use this technique to assess items from one specific test, the Cognitive
Assessment Screening Instrument (CASI) [21], for DIF with respect to several demographic
characteristics.

Methods of assessing DIF in items with dichotomous responses: Mantel-Haenszel and
logistic regression techniques

Several techniques have been promulgated for the statistical assessment of DIF. Several ex-
cellent reviews are available [1,2,22]. Most techniques for DIF assessment were developed in
educational settings in which items are generally dichotomously scored as correct or incorrect.

Mantel-Haenszel (MH)-based techniques were initially applied to the problem of assessing
DIF. It was recognized by the early 1990s that LR-based techniques were more powerful than
MH-based techniques [23—-25]. This power may come at the expense of increased type I error
rates in LR-based techniques [23].

Two distinct forms of DIF have been recognized. These have been called uniform and
non-uniform DIF. Uniform DIF is said to apply when differences between groups in item
responses are found at all trait levels, while in non-uniform DIF an interaction is found be-
tween trait level, group assignment, and item responses [2,23]. Uniform and non-uniform DIF
are directly analogous to the concepts of confounding and effect modification, respectively, in
epidemiological research, though this conceptual relationship has not been previously high-
lighted in the educational testing literature. LR has been known for some time to be useful
for the assessment of effect modification in observational studies, and enables analyses of
continuous predictor variables without requiring stratification (unlike MH-based techniques).
Not surprisingly, simulation studies from educational testing experts have found that LR-based
DIF detection techniques enables the detection of both uniform and non-uniform DIF, while
MH techniques are better suited for the analysis of uniform DIF [23-25].
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Criteria for detection of uniform and non-uniform DIF in logistic regression based DIF
detection techniques

Little attention has been paid to the criteria used for determination of the presence or absence
of uniform and non-uniform DIF in LR-based DIF detection approaches. The initial description
of an LR-based DIF detection assessed both uniform and non-uniform DIF in a single step
by comparing the —2 log likelihood difference between a model containing terms for both the
demographic characteristic and an interaction term and a model containing neither of these
terms to the y? distribution with two degrees of freedom [25].

Given the parallels between uniform and non-uniform DIF on the one hand, and confounding
and effect modification on the other, we have used somewhat different criteria for uniform and
non-uniform DIF. For non-uniform DIF, we have used a much more stringent criterion because
of the potential for finding DIF when it is in fact not present due to multiple hypothesis
testing. In a test such as the CASI with its 41 items, when testing each item for DIF with
respect to age, two ethnic group comparisons, educational attainment, and gender, 210 different
hypotheses are being tested. At a pre-specified o« =0.05 level, it would be likely that several
true null hypotheses would be falsely rejected by chance alone. We thus chose to adjust
our criterion for non-uniform DIF using the Bonferroni technique (discussed further in the
discussion section).

For uniform DIF, we noted that there is a modest literature assessing various techniques
for empirically determining whether confounding is present in epidemiological studies. We
were especially influenced by the simulation studies of Maldonado and Greenland [26]. In
this paper, several strategies were compared, including the statistical significance of the co-
efficient associated with the candidate confounder compared to the o =0.05 level, as well as
a strategy that determined that confounding was present if the coefficient associated with the
exposure of interest varied by more than 10 per cent in models with and without the presence
of the candidate confounder. The 10 per cent change in coefficient criterion proved to be
superior to the a=0.05 level criterion for correctly detecting the presence and absence of
confounding relationships. Maldonado and Greenland found that the o =0.05 criterion failed
to reject the null hypothesis in a large proportion of cases in which confounding was actu-
ally present. They found that o =0.20 was a better criterion than & =0.05 for the candidate
confounder, and did not find anything to distinguish the & =0.20 and the 10 per cent change
criteria [26].

What is of interest in uniform DIF detection is whether the magnitude of the relationship
between overall ability level and item responses is altered significantly when taking into
account demographic characteristics. This is the essence of confounding and the essence of
uniform DIF. This is precisely the question addressed by the 10 per cent change criterion.
We have thus chosen to adopt this criterion for determination that uniform DIF is present in
an item.

Estimated LR coefficients are determined more or less precisely depending on a number
of factors including sample size. The 10 per cent change criterion could be falsely positive
in situations in which the coefficients are estimated from small samples. At present little
is known about how large a sample needs to be in order to obtain ‘stable enough’ esti-
mates of regression coefficients to be satisfied that items flagged with uniform DIF are not
falsely identified. More work is needed in this area. We have chosen to analyse our data with
respect to categories that were either ubiquitous (i.e. age, educational attainment and sex)
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or nearly so (i.e. White vs Black ethnic groups; White vs Asian ethnic groups) in our data
set.

The extension of logistic regression techniques to polytomous items

The extension of techniques designed for dichotomous items (for example, items scored as
‘correct” or ‘incorrect’) to polytomous items with more than two response categories (for
example, ‘completely correct,” ‘mostly correct,” “partly correct,” and so on) has been difficult.
Good reviews of this topic are available [27-29]. Initial attempts to extend LR techniques to
the polytomous case concentrated on recoding data into multiple dichotomies in order to do
LR analysis [30,31]. Recently, it has been noted that the technique of ordinal LR is nicely
suited to the task of detection of DIF in polytomous items [20]. Zumbo’s ordinal LR technique
employs Swaminathan and Rogers’ strategy for determining the presence of uniform and non-
uniform DIF in a single step by comparing the —2 log likelihood difference between a model
containing terms for both the demographic characteristic and an interaction term and a model
containing neither of these terms to the y? distribution with two degrees of freedom [20, 25].
Our approach differs from Zumbo’s in the criteria employed to determine the presence of
uniform and non-uniform DIF.

Item response theory-based methods for assessing differential item functioning

There have been several efforts to use IRT for the detection of DIF in cognitive function
tests, including a prior study of DIF with respect to education [32]. We see two major
difficulties with IRT-based approaches. The first has to do with large sample sizes. Very
large numbers of individuals are needed to fit IRT curves, and when fitting curves for more
than one overall group, huge numbers of individuals would be needed to analyse a test for
DIF. Embretson and Riese estimate that between 250 and 500 individuals are needed for
stable IRT item parameter estimates [33]. For DIF detection this would then require 250—500
individuals in all groups analysed. For predictor variables that are distributed fairly evenly
in a sample (e.g. sex) this is a minor inconvenience, but for predictor variables less evenly
distributed (e.g. ethnic groups) this requirement may prove to be practically impossible. The
second limitation of IRT approaches to DIF detection is that the fitting of curves in separate
groups implies that there are clear categories of predictor variables to be examined for DIF.
For several demographic characteristics, this is a reasonable assumption. For example, for
sex, separating the sample into males and females, fitting IRT curves, and analysing the
parameters makes intuitive sense. However, some demographic characteristics are less easy
to conceptualize as categorical variables. Specifically with respect to cognitive functioning,
education and age are demographic characteristics that should be considered when looking
for DIF. IRT techniques require categorizing such continuous variables, and treating those in
a particular stratum as identical for the purposes of curve fitting and DIF assessment. This
categorization is by its nature somewhat arbitrary. In the paper on the Mattis Dementia Rating
Scale, Teresi and colleagues divided educational level into three categories for analysis. They
then confirmed their findings by dichotomizing education into two groups and re-running all
of their analyses [32]. The techniques we propose here enable education and age (or any
continuous demographic variable) to be examined without relying on arbitrary categorization.
This improves the power to detect DIF by avoiding categorization of continuous variables
into two or three categories, which always results in a loss of power [34].
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Importance of DIF with respect to findings of differences between groups

In this study, we developed an ordinal LR technique to analyse a test of cognitive functioning
for the presence of DIF. Finding that large numbers of items have DIF leads to the question
of whether findings of differences in scores on the test between populations are due to real
differences between groups or instead may be due at least in part to the presence of biased
test items. The absence of items with DIF would lead to strengthened conclusions regarding
differences found between groups with these instruments.

In educational testing settings, items with significant DIF are often discarded. DIF detection
is an important first step in the evaluation of test bias. Items flagged with DIF should be
examined by content experts to determine whether DIF found is due to a statistical anomaly
or instead to item bias [2].

METHODS

Setting and participants

Details of part of the study population used for this paper have been previously published
[35,36]. Adult Changes in Thought (ACT) is a prospective cohort study that focuses on
dementia (National Institute on Aging U01 AG06781). The base population for ACT was the
Seattle area enrolment of Group Health Cooperative of Puget Sound (GHC) aged 65 years or
older. More than 20000 persons fit that general description when the study began.

Initial cohort enrolment took place between 1994 and 1996. A simple random sample
(N =6782) was drawn from the study base (members of GHC aged 65 or older in 1994).
Initial medical record review excluded potential subjects who had an existing dementia di-
agnosis, or those who were in a skilled nursing facility. The remaining consenting subjects
were screened to further exclude cases of prevalent dementia.

Of 5422 eligible subjects, 2841 refused to participate in the longitudinal ACT study for a
variety of medical, personal and other reasons. The demographic characteristics of the 2841
who refused to participate were similar to those of the overall cohort (data not shown).
Levels of educational attainment in the group that refused to participate are not known. There
were 2581 non-demented subjects who provided informed consent and were enrolled in the
ACT cohort. An additional 359 elderly individuals were added to the study on subsequent
cycles with similar recruitment efforts, making a total of 2940 individuals with at least one
valid CASI test available for the analyses reported here. Demographic characteristics of these
individuals are delineated in Table I.

Estimation of underlying cognitive functioning: The CASI

The CASI was designed for cross-cultural comparisons in cross-national studies with popula-
tions of Japanese ancestry [21]. It samples a broad range of cognitive abilities, and domains of
attention and concentration, verbal and non-verbal memory, language, visual-spatial functions,
executive functions, and drawing were established on the basis of face validity by a group
of experts. The CASI incorporates elements of the Mini Mental State Exam (MMSE), the
Modified Mini-Mental State (3MS), and the Hasegawa Dementia Scale for the Aged. Scores
of each of these shorter tests can be derived from CASI results. The MMSE score derived
from the CASI was found to have a correlation coefficient of 0.92 compared with the standard
MMSE [37].
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Table I. Distributions of gender, age and ethnicity in the ACT cohort analysed for this
study (see text for details).

Total sample: number 2940
Gender: number (%)

Female 1730 (58.8%)
Male 1210 (41.2%)
Age category: number (%)

65-69 87 (3%)
70-74 657 (22%)
75-79 857 (29%)
8084 699 (24%)
85+ 570 (19%)
Unknown 70 (2%)
Ethnicity: number (%)

White 2646 (90.0%)
Black 132 (4.5%)
Asian 100 (3.4%)
Other 47 (1.6%)
Unknown 15 (0.5%)
Education category: number (%)

Less than high school 144 (4.9%)
Some high school 244 (8.3%)
Finished high school 765 (26.0%)
Less than 4 years of college 808 (27.5%)
At least 4 years of college 962 (32.7%)
Unknown 17 (0.6%)

Timing of CASI assessments; selection of test for analysis

Research subjects were evaluated with the CASI at baseline and then every 2 years. If there
was evidence of cognitive impairment based on CASI scores, individuals were evaluated every
year. The data examined in this paper are from each individual’s most recent CASI. The most
recent test was chosen for each individual in order to maximize the range of cognitive abilities
found.

Scoring the CASI

Two methods of estimating cognitive ability based on CASI responses were used in this
study. In the first method, total CASI score was used as an operational definition of latent
cognitive ability. The CASI has 41 items that assess a number of different cognitive domains.
CASI item content is summarized in the footnote to Table II. CASI items have from 2 to 10
response categories. Standard CASI scoring applies pre-determined scoring weights to each
of 9 subscales to attain a total test score that can range from 0 to 100 [21].

In the second method, ability scores generated from IRT analysis of the same CASI re-
sponses were used as the operational definition of latent cognitive ability. Scores were gen-
erated using a two parameter graded response logistic model [38,39] using PARSCALE 3.0
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(Scientific Software International, Chicago, IL, 1997). The CASI was intended to serve as a
measure of cognitive functioning, and it has been found to be sufficiently unidimensional for
IRT analyses using confirmatory factor analysis (data not shown). CASI items fit IRT models
fairly well (data not shown). The psychometric properties of the CASI will be the subject of
a future paper.

Demographic characteristics chosen for analysis of potential item bias

Preliminary analysis of data from the ACT cohort indicated that ethnicity, educational level,
and age were independent predictors of cognitive ability when controlling for all other demo-
graphic variables (data available upon request). Gender was also found to be an independent
predictor of cognitive functioning in whites and blacks when CASI scoring was used as the
operational definition of cognitive function, and it was an independent predictor of cognitive
functioning in whites when IRT scoring was used as the operational definition of cognitive
function (data available upon request). Assessments of DIF in the CASI were thus entertained
for age, educational level, gender, and two ethnicity comparisons: blacks to whites and whites
to Asians.

Ordinal logistic regression technique

A modification of the ordinal LR technique established by Zumbo [20] was used.
The ordinal LR model for these analyses was:

f(responseltrait level, group) = fo + f; * trait level + f, * group
+ 5 * (group * trait level)

where the function on the left-hand side of the equation is the ordinal logit. The first step of
the analysis for each item and each evaluation of DIF was to look for statistically significant
interaction terms, that is to say, the Bonferroni-adjusted p value associated with the f; term
was <0.05 (see multiple testing discussion below). If this was the case, then significant non-
uniform DIF (effect modification) was detected. If not, the interaction term was dropped from
further analyses.

Subsequent evaluation was designed to detect uniform DIF (confounding). This was ac-
complished by comparing the f; coefficients from models with and without group assignment
entered in the model. For the purposes of this study, a 10 per cent difference between the [
coefficient with and without the group variable entered into the model was considered to be
evidence of significant uniform DIF (confounding) [26].

Adjustment for multiple testing

Because each assessment of non-uniform DIF is performed in each case on 41 items from the
CASI, we used several techniques for adjusting the observed p-values to account for multiple
comparisons. For purposes of this paper we adjusted using the Bonferrroni method, multiplying
the observed p-values by 41, the number of items examined for DIF. The Bonferroni procedure
is conservative when many comparisons are involved, so we are reasonably confident of the
significance of Bonferroni-adjusted p-values less than 0.05. We also examined results from
the Holm, Hochberg and Sidak procedures for adjusting p-values [40, 41].
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Statistical analyses

All analyses were performed using STATA 7.0 (Stata Statistical Software, College Station,
Texas, 2001).

RESULTS

Demographic information for the 2940 individuals evaluated in this study is shown in Table I.
The sample included slightly more women than men. While 90 per cent of the sample was
white, sizable numbers of blacks and Asians were also studied. This was a very educated
sample; a third of the sample had attended at least 4 years of college, and only one-cighth
had not at least graduated from high school.

Results of the ordinal LR technique for the assessment of DIF with respect to age, education,
gender and ethnicity are shown in Table II. Non-uniform DIF is indicated with a Y in the
appropriate cell in the table when the Bonferroni-adjusted p-values were found to be less
than 0.05. For items without non-uniform DIF, further investigation for uniform DIF was
undertaken. If the value of the coefficient relating trait level (either CASI score or IRT score)
to response category changed by more than 10 per cent with and without inclusion of the
group variable in the model, a Y is found in the appropriate cell in the table.

Table II shows that many items displayed DIF with respect to age and education. In each
case, more non-uniform DIF was detected than uniform DIF. This is not in line with previous
results from the educational testing setting, where more items are generally found to have
uniform DIF than non-uniform DIF [23].

The method of assessing cognitive functioning based on CASI results had an impact on
the number of items found to have DIF. As shown in Table II, in each case, more items
were found to have DIF when using traditional CASI scoring than when using IRT scoring
to assess cognitive functioning.

When we used a different criterion for the detection of uniform DIF (the « = 0.20 criterion as
suggested by Maldonado and Greenland [26]), almost every item was found to have uniform
DIF with respect to at least one demographic category (data not shown).

Overall, 19/41 items were found to have DIF in at least one analysis when traditional CASI
scoring was used. In contrast, 10/41 items were found to have DIF in at least one analysis
when IRT scoring was used. Five items were found to have DIF in more than one analysis
when traditional CASI scoring was analysed, while only a single item was found to have DIF
in more than one analysis when IRT scoring was analysed.

The Bonferroni, Holm, Hochberg, and Sidak procedures for adjusting p-values for multiple
comparisons resulted in the same conclusions regarding the presence of non-uniform DIF in
every case.

DISCUSSION

Implications of findings

We found DIF in many CASI items in the ACT cohort, especially with respect to educational
level and age (Table II). This study presents the broadest assessment to date of the CASI for
DIF in the population for which it was intended. One previous study evaluated the Chinese
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version of the CASI for DIF related to educational level in 112 patients with Parkinson’s
Disease from a behavioural neurology referral clinic in Taiwan and, despite the very small
numbers of patients, found DIF in items that assessed language and recent memory [42]. The
present study then adds to the evidence base that there is DIF in the CASI with respect to
education.

Several studies have reported that observed CASI scores differ on the basis of education
and/or age. A prior analysis of the individuals from the ACT cohort published curves demon-
strating the relationships between age, education, and predicted CASI score in order to help
interpret CASI scores [36]. A study from China also noted the need to adjust the CASI score
for educational attainment [43]. Two studies have reported that observed CASI scores differ
between different ethnic groups [35,44]. As one of these studies commented [35], it is im-
possible to know whether the finding that groups differ in cognitive test scores is due to true
differences in cognitive functioning, or to using biased tests. Had no DIF been found in the
CASI in this study, our confidence that the CASI was not biased would be increased. The
presence of DIF with respect to these demographic factors in so many CASI items should
prompt content experts to see whether this DIF is due to bias or instead may represent a
statistical anomaly [2].

A surprising finding from this study was that the method of scoring the CASI mattered
with respect to how much DIF was found. CASI scoring was designed to give each of nine
sub-scales roughly equal weight and to provide a total score of 100 [21]. The weighting of
individual item responses in IRT is somewhat more complicated. Briefly, items are weighted
by how well they discriminate between individuals of different ability levels [4,33,45]. It
may be that DIF led to poorer fit for some items, in turn leading to lower discrimination and
thus less weighting when used in scoring. This finding of less DIF with IRT scoring of the
CASI, if replicated in other settings, would be another argument for using IRT scoring rather
than traditional sum scores in cognitive tests [46,47].

Even using IRT scoring techniques, 10 of the 41 CASI items were found to have DIF in
this study (and 19 of the 41 items were found to have DIF when traditional CASI scoring
was used). This finding is not to suggest that the CASI is a priori a bad test; it may well be
the best test of its kind [48]. Future work will need to be done to assess DIF in the CASI
and other tests of cognitive functioning in other settings.

Should the large number of items with DIF in the CASI be confirmed in subsequent analyses
and should bias be confirmed by content experts, several implications are clear: 1. We should
strive to understand the particular items that produced DIF with an eye towards writing less
biased items. However, previous research in educational settings has demonstrated that experts
find it difficult to predict which items will be found to have DIF, and clear understandings of
why DIF exists in a particular item are often elusive [49, 50]. 2. We should look for DIF in
the measures we use when asking epidemiological questions about the relationship(s) between
group membership and cognitive functioning, and epidemiological methods of adjusting for
effect modification and confounding should be applied. 3. If the finding of differential DIF
between traditional and IRT scoring is confirmed in subsequent studies, a general shift toward
IRT scoring should be made in order to minimize the effect of biased items.

To date, there has been little thinking about how the finding that many test items had DIF
would impact the assessment of changes over time. It may be the case that DIF prevents valid
conclusions at one point of time but does not preclude the validity of following changes in
an individual person over time. The finding of large amounts of non-uniform DIF, however,
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would lead us to be concerned that if cognitive ability indeed does change in an individual
over time, the interactions between that individual’s demographic features and new cognitive
ability may produce un-interpretable results. As mentioned earlier, the finding of non-uniform
DIF is analogous to finding that a demographic variable modifies the relationship between test
responses and ability levels. In this case, standard statistical methods of adjusting for con-
founding relationships will fail. Further thinking and studies are needed to delineate how much
of an effect the presence of so many items with non-uniform DIF will have on longitudinal
assessments of individuals. These comments are especially true in the context of observational
studies. In randomized trials, the randomization process should help distribute both measured
and unmeasured attributes evenly between groups. This would probably lead to increased va-
lidity compared to observational studies despite the use of a biased assessment tool. However,
the presence of non-uniform DIF, analogous to effect modification relationships, makes the
serial assessment of individuals over time a problematic exercise. More thinking needs to be
done in this area before choosing the CASI or other measures found to have large numbers
of items with non-uniform DIF as outcome measures for clinical trials [51].

Implications of methods

Ordinal LR modelling is useful for the assessment of DIF because it retains the full infor-
mation from the original data. As exhibited in this study, the model can handle dichotomous
demographic characteristics such as gender, categorical demographic characteristics such as
ethnicity, and continuous demographic characteristics such as age or educational level. This is
an advantage over IRT-based techniques, which require categorization of exposures of interest
into two or a few groups for DIF assessments.

The techniques delineated here can also detect suspect items with smaller numbers of
respondents than is the case with IRT-based approaches. For example, we found significant
levels of DIF with respect to Blacks vs Whites in our analyses. However, we did not have
enough Blacks in our sample for stable IRT parameter estimates, despite having more than
2900 elderly King County citizens in our sample. Like IRT analyses, though, ordinal LR
techniques do require significant numbers of patients for stable parameter estimates. Many of
the item analyses failed to converge to stable estimates, especially in the comparison of Blacks
and Asians (data not shown). Despite small numbers of Asians and Blacks, valid assessments
for DIF with respect to both of those groups in comparison to Whites were possible using LR
techniques, while with IRT stable item characteristic curves could not be obtained for either
minority group, thus precluding the assessment of DIF with respect to ethnicity using IRT
techniques in this data set. IRT techniques for detecting DIF require the estimation not only
of parameters for the difficulty and discrimination of each item, but also the ability of each of
the test takers, while LR requires only the estimation of the  parameters as described here.
Thus, fewer individuals are required for stable parameter estimates with LR than with IRT.

A major advantage of LR (and ordinal LR) techniques over Mantel-Haenszel-based tech-
niques is that the trait level being assessed by the test (in this case, cognitive functioning)
is examined as a continuous variable in a single analysis, enabling the use of all of the
information contained in the data set [27,52]. These techniques also have the capacity to
handle large numbers of analyses very quickly and with a minimum of cost; these are two
of the criteria established for potential polytomous DIF detection techniques by Potenza and
Dorans [29]. In order to facilitate the rapid evaluation of data sets for the assessment of DIF
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using these techniques, we have developed a STATA package called DIFdetect that uses the
methods described in this paper. The package is available for downloading from our website
(http://www.alz.washington.edu/DIFDETECT/welcome.html).

We debated among ourselves about the wisdom of adjustment for multiple comparisons
when assessing items for DIF. There is a case to be made for not adjusting. That case states
that the search for DIF is hypothesis-generating rather than hypothesis-confirming, and that
the danger would come from false-negative rather than false-positive assessment of an item.
When we did not adjust for multiple comparisons, almost every item was found to have
non-uniform DIF in at least one assessment (data not shown). We thus chose to err on the
side of caution, and adjusted using the most stringent criterion of which we were aware,
the Bonferroni technique. As mentioned above, adjustments with several other less-stringent
techniques (the Holm, Hochberg, and Sidak techniques) did not alter those items found to
have non-uniform DIF. A graphical analysis of observed p-values along the lines suggested
by Schweder and Spjotvel [53] led to the estimation that there were roughly 80 truly negative
null hypotheses in the assessment of non-uniform DIF in these analyses, well over the 27 we
present in Table II (data not shown). Further discussion of the multiple comparisons issue
(with the plot of p-values derived from these analyses) can be found as the Statistical Rule
of the Month for June, 2002 (http://www.vanbelle.org) [54].

Limitations

The principal strength and the main weakness of this study is the cohort of individuals in
whom the CASI was used. Members of Group Health Cooperative tend to be better educated
and economically more secure than average for King County. Certainly all of these individuals
have health insurance and a regular source of medical care. The ACT cohort on the whole
is better educated than other large cohorts that have taken the CASI. The finding that there
is significant DIF based on educational level is thus quite significant. Our findings may have
been different if the educational levels of non-participants differed from those of respondents,
and if the relationships between item responses, ability levels, and educational levels differed
in these respondents compared to those available for analysis in this study.

A significant limitation is the small number of individuals with dementia included in this
cohort. The ACT study was designed to detect the incidence of dementia rather than following
individuals with known dementia over time, so individuals with low scores or other findings
of dementia were excluded at baseline. To maximize the spread of CASI scores available for
this study, the most recent CASI test available for each subject was used in this analysis; some
individuals have had significant declines in their CASI score over time. The findings of this
study are probably best extended to similar populations not thought to have significant levels
of cognitive dysfunction at baseline. Further analyses in cohorts of individuals with cognitive
dysfunction will be necessary to determine whether DIF is present at lower cognitive ability
levels as well.

The small numbers of Blacks and Asians enrolled in this study decreased the power of
this analysis to detect DIF in these ethnic groups. Indeed, for many items, convergence of
an ordered LR analysis was not achieved when ethnicity status was examined for DIF. Other
data sources with larger numbers of Blacks and Asians should be examined for the presence
of DIF with respect to ethnicity.
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CONCLUSIONS

This study evaluated a test designed for use in cross-cultural settings and found evidence of
DIF with respect to ethnicity, age, and educational status. These findings call into question
results of studies that use this and related instruments as measures of cognitive functioning
in groups that differ with respect to ethnicity, age, or educational status. These analyses will
be repeated with data from a second large cohort study (the Seattle Kame population) [55].

Careful attention to measurement issues and bias are clearly necessary when designing and
interpreting studies of cognitive function and cognitive decline [56]. This study presents for the
first time in a medical setting the technique of ordinal LR analysis for the assessment of DIF.
Our ordinal LR technique provides a flexible and powerful technique for the detection of DIF
in polytomous items. In our view, this technique should be considered first when faced with the
task of analysing DIF in tests with polytomous items. Software implementing this technique
is available for downloading from the website http://www.alz.washington.edu/DIFDETECT/
welcome.html.
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