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Abstract:

Differential item functioning (DIF) may be a result of either item bias or a real difference de-
pending on whether the source of DIF is either construct-irrelevant or construct-relevant. It is
relatively more challenging to conduct DIF studies when the sample size is small (i.e., < 200),
items follow polytomous scoring (e.g., Likert scales) instead of dichotomous scoring, and psy-
chological grouping variables are used instead of demographic grouping variables (e.g., gender).
However, the multiple indicators-multiple causes (MIMIC) approach can be a promising solu-
tion to address the aforementioned challenges in DIF studies. This study aims to investigate the
performance of two MIMIC methods, namely MIMIC with a pure anchor (MIMIC-PA) and MIM-
IC-interaction methods, for DIF detection in the Student Conceptions of Assessment invento-
ry based on a psychological grouping variable derived from students’ self-efficacy and subject
interest. The results show that MIMIC-PA identified five mathematics and eight reading items
with large DIF in the four factors. MIMIC-interaction showed that no items had uniform DIF,
while four items had non-uniform DIF. Items with statistically significant DIF were aligned with
the known effects of self-efficacy and subject interest on academic achievement, supporting
the claim that observed DIF reflects item impact rather than bias. The study's implications for
practice and directions for future research with the MIMIC approach are discussed.
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Detecting Differential Item Func-
tioning of Polytomous Items in
Small Samples: Comparison of
MIMIC with a Pure Anchor and
MIMIC-Interaction Methods

Within a framework of unidimensionali-
ty, test and survey items are assumed to
measure a single and intended dimension
of interest (e.g., reading performance in a
reading assessment or motivation in a mo-
tivation-related scale) without being influ-
enced by construct-irrelevant factors (e.g.,
ethnicity, race, or gender) that might con-
tribute to differential performance among
subgroups of the target examinee popula-
tion. Differential item functioning (DIF)
identifies, at the item level, whether a factor
other than the intended dimension impacts
upon the probabilities of answering items. If
subgroups of an examinee population (e.g.,
boys vs. girls) have different probabilities
of choosing an answer or response option,
after being matched on a total score, then
DIF is present (Zumbo, 1999), leading to
false conclusions about the examinees’ per-
formance.

Detecting DIF is relatively straightfor-
ward in the context of dichotomously
scored items (e.g., right or wrong) and de-
mographic grouping variables (e.g., gender
and ethnicity). However, when it comes to
self-reports of psychological factors (e.g.,
beliefs, values, attitudes, or motivations)
with polytomously-scored items, detect-
ing DIF items becomes more challenging
for several reasons. First, the underlying
reason of DIF can be real-world differenc-
es in the psychological factors, instead of a
demographic characteristic. For example,
indigenous Maori students experience edu-
cational achievement quite differently com-
pared to majority ethnicity students in New

Zealand and this has been reflected in sta-
tistically significant differences in how their
conceptions of assessment relate to aca-
demic achievement (Hirschfeld & Brown,
2009). In such a situation, it could be argued
that DIF reflects the presence of a con-
struct-relevant factor rather than bias from
a construct-irrelevant factor (Zumbo, 1999,
2007). Previous research used DIF to detect
strengths and weaknesses of students’ sub-
populations based on the assumption that
students from different countries have dif-
ferent learning experiences (Klieme & Bau-
mert, 2001).

Another challenge in detecting DIF in
polytomously-scored items is sample size.
DIF studies generally require large sample
sizes (i.e., > 500) in both focus and reference
groups to ensure accurate estimates of DIF
(Zumbo & Witarsa, 2004). Surveys, rating
scales, and similar instruments involving
polytomous items require even large sam-
ple sizes in order to detect items exhibit-
ing DIF across different response options.
However, small sample size (i.e., < 200 in
reference and focal groups) is a common
problem in real-world education and psy-
chology research, especially when self-re-
port measures are used for data collection.
Therefore, researchers who want to investi-
gate item-level bias in polytomously-scored
items from such measures need to choose
arobust method that can detect items with
significant DIF in small samples.

Previous studies indicated that the mul-
tiple indicators-multiple causes (MIMIC)
methods can be a promising solution to
detecting DIF in both dichotomous and
polytomous items (e.g., Bulut & Suh, 2017;
Lee, Bulut, & Suh, 2017; Shih & Wang, 2009;
Wang, Shih, & Yang, 2009; Woods & Grimm,
2011). However, these studies either focused
on the detection of DIF in dichotomous
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items (e.g., Bulut & Suh, 2017; Lee, Bulut, &
Suh, 2017; Finch, 2005) or used Monte Carlo
simulations to generate large datasets with
polytomous items (e.g., Wang & Shih, 2010).
Therefore, little is known about the perfor-
mance of MIMIC methods in detecting DIF
in polytomous items, especially when the
sample size is small. Therefore, this study
aims to investigate the performance of two
MIMIC methods in identifying polytomous
items with DIF when the sample size is
small and the grouping variable is a psycho-
logical variable instead of a demographic
variable. Using real data from a self-report
student inventory (Brown, 2008), the per-
formance of MIMIC with a pure anchor
(MIMIC-PA; Shih & Wang, 2009) and MIM-
IC-interaction (Woods & Grimm, 2011, Lee,
Bulut, & Suh, 2017) methods in detecting
DIF in polytomous items are compared.
As the grouping variable, a combination
of two psychological variables (self-effica-
cy and subject interest) is used, instead of
a demographic variable. The results of this
study will indicate whether the two MIMIC
methods (i.e., MIMIC-PA and MIMIC-inter-
action) can identify polytomous items with
DIF when the sample size is not very large.
Furthermore, the results will also demon-
strate whether the two MIMIC methods
provide similar results with regard to the
items flagged for exhibiting DIF.

Literature Review

Student Psychology around
Assessment

How students perceive, feel, or think about
assessment has become an important as-
pect of educational psychology (McMillan,
2016). Four major beliefs about the purpos-

es of assessment have been identified (i.e.,
it is for improved learning and teaching; it
is irrelevant; it creates positive emotions
and classroom climate; it indicates external
factors; Brown & Hirschfeld, 2008). Student
achievement emotions have been classified
as either pleasant or unpleasant and wheth-
er they activate further learning or not
(Vogl & Pekrun, 2016). The emotional and
motivational impact of assessment is most
salient when students are given feedback
as to their performance (Brown, Peterson,
& Yao, 2016; Peterson, Brown, & Jun, 2015).
McMillan (2016) has argued that the im-
pact of assessment on the psychology of the
learner begins before the assessment as the
learner prepares, continues during the as-
sessment processes proper, and culminates
once the student knows how their perfor-
mance was evaluated and as they begin to
prepare for the next round of learning-as-
sessment-feedback.

Research has shown that students who en-
dorsed the notion that assessment supports
greater learning had better performance,
while endorsement of the conception that
assessment can be ignored led to reduced
performance (Brown, Peterson, & Irving,
2009). Wise and Cotten (2009) showed that
students who endorsed improvement as a
purpose of assessment guessed less than
those who endorsed the conception that
assessment was irrelevant. How students
perceive novel forms of assessment (e.g.,
self-assessment, peer assessment, portfolio
assessment, etc.) shapes their reaction to
and engagement with these new evaluative
methods (Struyven & Devesa, 2016). Stu-
dents who experience activating emotions
when assessed, regardless of whether those
emotions are pleasant or unpleasant, tend
to perform better (Vogl & Pekrun, 2016).
Hence, there is evidence that student be-
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liefs, emotions, and thoughts about the na-
ture, purpose, and effect of assessment mat-
ter. It has been argued that how students
manage their beliefs and feelings about as-
sessment is a manifestation of self-regulat-
ed learning (Brown, 2011).

No single study can integrate or evaluate
the many control and competence beliefs
that have been found to predict and in-
fluence achievement (Schunk & Zimmer-
man, 2006). Hence, this study exploited
two available predictors of achievement
(i.e., self-efficacy and interest). An import-
ant competence belief is self-efficacy (i.e.,
“people’s judgments of their capabilities
to organize and execute courses of action
required to attain designated types of per-
formances” (Bandura, 1986, p. 391) because
these beliefs influence the courses of action
people choose and persist with, even in face
of difficulties (Pajares, 1996). Importantly,
self-efficacy is task and situation specific
and is normally generated as a consequence
of mastery experiences within specific do-
mains (Bong, 2013). Self-efficacy as a pre-
dictor of performance in school subjects
has standardised regression weights of be-
tween .20 and .55, suggesting weak to mod-
erate amounts of variance are explained
by self-efficacy, with notable variability by
school subject or domain and by student
overall ability (i.e., self-efficacy is more
influential for lower-achieving students;
Bong, 2013; Pajares, 1996).

An important control belief that influ-
ences the processes of selecting actions
and outcomes is interest (Zimmerman &
Schunk, 2004). Alexander (2003) distin-
guishes between individual (i.e., long-term
enduring investment individuals have in a
domain or facet of it) and situational (i.e.,
temporary arousal sparked by events or fea-
tures of the ‘here and now’ environment) in-

terest. The model of domain learning (MDL)
proposes that early in the learning process,
when student knowledge or competence is
relatively low, situational interest is useful
in motivating students to learn (Alexander,
1995). As knowledge competence grows, in-
dividual interest develops, sustaining moti-
vation to learn an increasing complex and
sophisticated understanding of the domain.

Thus, both self-efficacy in a specific do-
main and interest in the same domain have
been shown to be statistically significant
predictors of performance. A large-scale
survey of New Zealand students in Grades 5
to 12 (‘Otunuku & Brown, 2007) has shown
that there are moderate inter-correlations
between self-efficacy and interest in read-
ing comprehension (r=.64), writing (r=.72),
and mathematics (r=.65). The same study
reported that the inter-correlations of inter-
est and self-efficacy with standardised test
scores in reading, writing, and mathematics
had small positive associations. Hence, at
least among New Zealand students it has
been shown that conceptions of assess-
ment, self-efficacy, and interest in the sub-
ject all positively regress onto achievement.

In light of these findings, the study pre-
sented here has examined the DIF proper-
ties of student conceptions of assessment
for four groupings of students (i.e., high vs.
low interest and self-efficacy by two school
subjects). Given that higher interest and
self-efficacy is associated with greater per-
formance, as is greater endorsement of as-
sessment improves teaching and learning,
it could be expected that DIF may appear
among conceptions of assessment items
that are conceptually aligned with inter-
est or self-efficacy. If this is the case then it
could be that those items reflect real-world
differences in the groups rather than some
deficiency of measurement.
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Current Study

This study examines the Students Concep-
tions of Assessment (SCoA version 6) in-
ventory items (Brown, 2008) for DIF using
participant groups defined by whether they
were high versus low in self-efficacy and in-
terest in two different school subjects (i.e.,
mathematics and reading). Two techniques
of DIF analysis (i.e., MIMIC-PA and MIM-
IC-interaction) were applied for detecting
self-report SCoA items with uniform and
non-uniform DIF. Within each subject, DIF
analysis with the MIMIC-PA method was
separately conducted for each of the four
SCoA factors (i.e., improvement, external-
ity, affect, and irrelevance), while all four
factors were analysed simultaneously using
the multidimensional form of the MIM-
IC-interaction method (Lee et al., 2017). As
the grouping factors, students’ levels of in-
terest and self-efficacy were used. DIF anal-
yses were completed separately for each
school subject (i.e., math or reading) to bet-
ter identify subject-specific effects. Results
from the MIMIC-PA and MIMIC-interaction
methods were compared and the implica-
tions for practice were discussed.

Methods
Sample

The data for this study had been previous-
ly collected from complete cohorts of stu-
dents in the first two years of high school
(Grades 9-10, nominal ages 13-14) from a
small number of schools in the Auckland
metropolitan region (results reported in:
Brown, Irving, Peterson, & Hirschfeld, 2009;
Brown, Peterson, & Irving, 2009). The data

1 doi:10.17608/k6.auckland.7688651

file for this study is available on the first au-
thor’s institutional data repository'. Volun-
tary participation in the study was obtained
with informed written consent according
to the University of Auckland Human Par-
ticipant Ethics Committee guidelines (ref:
2004/456).

A total of 803 valid cases (i.e., 411 in read-
ing and 392 in mathematics) remained after
removing students who did not have scores
for the standardised achievement test or for
self-efficacy and interest (see Table 1). The
sample was almost equally split between
sexes, with ages ranging from 13 to 16 years.
Consistent with New Zealand 2006 Census
data for children age 5 to 19, the ethnic mix
and sex distribution of the sample was sta-
tistically equivalent to the population of
school-age children. Accordingly, the sam-
ple used in this study is representative of
the demographics of the New Zealand high
school student population.

The grouping variable was the sum score
of the three self-efficacy and three interest
items. To maximize the sample size based
on the grouping variable (i.e., the sum of
subject-specific self-efficacy and interest),
the composite scores were split at the mean
in order to create two groups, each of which
would be as close as possible to the target
sample size of 200. Students whose scores
fell exactly on the mean were discarded and
the rest were classified as having either high
or low levels of self-efficacy or interest. The
four groups were unequal and all were close
to but below 200 (Reading: High n = 188,
Low n = 184; Mathematics: High n = 189,
Low n = 199). A factor that makes analyzing
these data challenging is that the sample
sizes are below the recommended thresh-
old of n > 200 in focal and reference groups
(Zumbo, 1999).
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Table 1 Demographic Characteristics of the Participants
Demographic Trait % or Mean (SD) Difference to NZ population
Sex Xx°=0.08, p=78
Male 49%
Female 51%
Age 13.92 (72)
Ethnicity X>=7.59, p=11
NZ European 48 %
Maori 12%
Asian 18%
Pasifika 8%
Other 14%
Note Maori=indigenous people of New Zealand; Pasifika=immigrant peoples from Pacific Island nations.
in the SCoA inventory refers to attributing
Instruments the consequences of assessment to exter-

Students’ Conceptions of

Assessment (SCoA-VI) inventory

The SCoA inventory is a multidimensional
self-report survey. Previous studies found
that the SCoA inventory met full measure-
ment invariance conditions for sex, ethnic-
ity, and year groups (Hirschfeld & Brown,
2009), whereas only metric equivalence
was found when students had different lev-
els of interest and self-efficacy in reading
(Brown & Walton, 2017). The absence of full
measurement invariance for some psycho-
logical factors, in contrast to demographic
factors, raises the possibility that, if there
are items with DIF in the SCoA inventory, it
could be due to a construct-relevant factor
rather than bias.

The SCoA-VI inventory consists of 33
self-report items to identify four inter-cor-
related assessment-related beliefs: namely,
improvement, externality, affect, and irrele-
vance (Brown, 2008). Improvement involves
both the teacher and the student using as-
sessment to improve learning. Externality

nal uncontrollable sources such as teachers
and schools or one’s future career or IQ. The
affect factor focuses on the emotional and
social impacts of assessment on students.
Perceiving assessment as bad, interfering
with learning, or choosing to ignore it are
captured by the irrelevance factor. Partic-
ipants respond using a six-point positive-
ly-packed (Lam & Klockars, 1982) rating
scale with four degrees of agreement (6 =
Strongly Agree, 5 = Mostly Agree, 4 = Mod-
erately Agree, 3 = Slightly Agree) and two
negative categories (2 = Mostly Disagree,
1 = Strongly Disagree). When participants
respond to socially desirable statements,
they are more likely to agree, which reduces
variability and precision in the data; hence,
positive packing (i.e., giving more positive
than negative choices in the response scale)
has been argued as appropriate in these cir-
cumstances.

The overall fit of the model with two sam-
ples has been good; for example, Brown,
Irving, Peterson, and Hirschfeld (2009) re-
ported a sample of 705 had good model-da-
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ta fit; X° ) = 1551.57, x*/df = 3.23, p = 0.07,
CFI = 0.89, GFI = 0.92, RMSEA = 0.056, 90%
CI = 0.053-0.059, SRMR = 0.060. For the data
used in this study, both good fit (¥, = 705;
N,,; = 624; number of manifest variables
= 66; X* = 3104.85; df = 960; x*/df = 3.234
(p =.07); CFI = .89; GFI = .95; RMSEA = .041,
90% CI =.039-.043; SRMR = .060) and strong
invariance (i.e., equivalent regressions and
intercepts) was demonstrated to the earli-
er data (Brown, Peterson, & Irving, 2009).
The internal estimate of reliability (McDon-
ald’s w) for each of the four SCoA factors
of interest in this dataset were good (i.e.,
Wy =905 W [mprovement:'gg; W retevance =83

Externalty =.77). Studies with this version of
the SCoA have found statistically significant
regressions to standardized test scores (i.e.,
performance). For example, in a national
survey of 31 high schools in New Zealand,
the improvement conception predicted
higher mathematics scores (8 = .65), while
endorsement of the externality conception
predicted lower mathematics scores (8 =
-.82; Brown, Peterson, & Irving, 2009).

Student self-efficacy and interest

Six items are administered as part of a
school administered, standardized achieve-
ment test from the Assessment Tools for
Teaching and Learning (asTTle) system
(Hattie et al., 2005) distributed to schools
by the New Zealand Ministry of Education.
Participants indicate their agreement by se-
lecting one of four smiley-face options (i.e.,
1=®,2:®,3:©,and4:©).'1’hree
items related to self-efficacy in the sub-
ject being tested (reading or mathematics)
and three related to interest in the subject.
Confirmatory factor analysis of these items
based on the norming data showed that
two factors underlay the items (Reading:
n = 29337, X* = 524.67, df = 8, CFI = .99,

GFI = .99, RMSEA = .047; Mathematics:
n = 22413, x* = 610.07, df = 8 CFI = .99,
GFI =.99, RMSEA =.058; ‘Otunuku & Brown,
2007). While the correlation between the
two factors is moderate (Reading r = .64;
Mathematics r = .65), the asTTle system av-
erages the responses to these six items and
reports a total score of self-beliefs within
the subject ranging from 1.00 to 4.00. It is
not possible to disentangle this score and
so the aggregate attitude to subject score is
used as a continuous grouping variable.

Data Analysis

It is worth noting that while survey items
are frequently evaluated for equivalence
in factor analytic traditions through in-
variance testing (Tran, 2009), DIF analysis
utilizing item response theory (IRT) is a
parallel technique valid for items that use
ordinal categorical responding (Grimm &
Widaman, 2012). The integration of factor
analytic and IRT methods for evaluating
DIF or measurement invariance in ordinal
categorical responses has become com-
monplace since the identification of ap-
propriate techniques (Muthén, 1984). The
modelling approach reported here is situat-
ed within the MIMIC framework (Joreskog
& Goldberger, 1975), in that multiple man-
ifest variables (y, ..., y,) are indicators of a
latent trait (6 in IRT or y* in factor analysis)
and a group membership variable (z) giving
the impact of psychological or demograph-
ic factors upon the latent trait. Thus, in a
MIMIC model it is possible to determine the
degree to which a latent trait is dependent
on group membership.

It seems that the MIMIC approach works
well with focal group sizes as small as 50 to
100, provided the reference group was large
(i.e., » > 500) (Woods, 2009). Nonetheless,
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the challenge for the MIMIC approach ex-
ists when both reference and focal groups
are small to marginal (i.e., n < 200). This
paper contributes to our understanding of
DIF by comparing two MIMIC-based DIF
detection methods (i.e., MIMIC model with
a pure anchor [MIMIC-PA] and MIMIC-in-
teraction model) and applying them to or-
dinal rating data in which students’ psycho-
logical beliefs act as the grouping variable,
allowing the possibility that DIF reflects a
construct-relevant factor rather than bias.
We have selected these different methods
because both are appropriate for response
data with small sample sizes.

It should be noted that despite sharing
the MIMIC framework, the two DIF detec-
tion methods differ with regard to their
implementation. The MIMIC-PA method
requires an iterative purification process in
which at least one item must be identified as
an anchor item (i.e., DIF-free item) and the
remaining items can be individually tested
for DIF in the first model. In the subsequent
models, items that do not exhibit DIF in the
first model can also be used as anchor items.
This process continues until the model iden-
tifies the same items that consistently ex-
hibit DIF. To date, the MIMIC-PA model has
only been used for detecting uniform DIF in
dichotomous and polytomous items in uni-
dimensional instruments (e.g., Shih & Wang,
2009; Wang & Shih, 2010).

As for the MIMIC-PA method, the MIM-
IC-interaction method also requires a set of
anchor items to be identified before running
DIF analysis. However, unlike the MIMIC-PA
method, the MIMIC-interaction method
does not necessarily require an iterative
purification process for removing DIF-free
items from the model. Instead, the mod-
el can be separately run for each item or a
group of items under investigation. Further-

more, the MIMIC-interaction model is capa-
ble of testing both uniform and nonuniform
DIF within the same model, using an inter-
action term between the latent trait and the
grouping variable. To date, the MIMIC-in-
teraction model has been applied to both
unidimensional (Woods and Grimm, 2011)
and multidimensional (Bulut & Suh, 2017;
Lee et al., 2017; Woods & Grimm, 2011) in-
struments consisting of dichotomous items.
However, the performance of the MIMIC-in-
teraction method for detecting DIF in polyt-
omous items is still unknown.

DIF detection with MIMIC

Self-reported surveys are generally based
on the latent trait theory in which multiple
items either indicate latent traits or influ-
ence those latent traits. An advantage of the
MIMIC approach is that it can handle both
dichotomous and polytomous item respons-
es in the context of a factor analytic model
(Zumbo, 1999). In ordinal rating scales, DIF
occurs when the probability of responding
to different categories of the rating scale
differs for participants from different sub-
groups, after taking their levels in the target
latent trait into account. Just as DIF studies
are restricted to total scores for a unidimen-
sional test measuring a single latent trait, in
a multidimensional inventory it is conven-
tional to analyze each dimension (i.e., latent
trait) separately (Hamilton, 1999). However,
the MIMIC approach is capable of analyzing
DIF across multiple dimensions within the
same model (Lee et al., 2017).

To counter over-sensitivity in detecting
DIF with large samples, Holland and Thayer
(1988) recommended determining the mag-
nitude or effect size of DIF to differentiate
between potential and minor DIF, which can
be determined by log-odds ratios, beta-coef-
ficient, and R* measures (Teresi et al., 2008).
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For a dichotomous item, DIF can be constant
or uniform when the probability of answering
an item correctly is consistently greater for
one group over all ability levels, or non-uni-
form when the difference in the probabilities
of a correct response varies across ability
levels. However, in the context of the MIMIC
approach, the uniform and non-uniform DIF
can be defined as a significant dependency
between an item and an external variable
(i.e., a grouping variable). Two MIMIC meth-
ods (MIMIC-PA and MIMIC-interaction)
have recently entered the literature and are
used in this study with real data. The follow-
ing section describes how these two MIMIC
methods work for detecting DIF.

MIMIC-PA

In the process of DIF detection, most ap-
proaches assume that all of the items that
function as manifest indicators of the la-
tent trait are unbiased except for the item
being evaluated (Teresi, 2006). Holland and
Thayer (1988) suggested that using a set of
anchor items and purifying the latent trait
of biased items can eliminate the contam-
ination of the latent trait and thereby de-
tecting DIF more accurately. A model for
polytomous DIF detection based on a pu-
rified anchor design reduced Type I errors
in over-identifying items with DIF (Shih &
Wang, 2009; Wang & Shih, 2010). The MIM-
IC-PA approach identifies the average level
of DIF in each item while iteratively hold-
ing each item as a DIF-free anchor so that
the item with the smallest mean value acts
as the anchor for the DIF analysis of other
items. In a relatively small scale (e.g., less
than 10 items), it is recommended that only
one item is selected as the anchor.

In MIMIC-PA, the latent trait variable 6
underlying item responses predicts the la-
tent response variable (y,;)* (Wang & Shih,
2012, pp. 168-169). That factor, in accor-
dance with MIMIC models, is simultane-
ously influenced by a grouping variable z.
The ordinal options in the item response
scale are the factor loadings (A,) from 6 and
relate to the IRT discrimination parameter
of each item. The error term (&) has a nor-
mal distribution for the ordinal probit and
a logistic distribution for the ordinal logit.
B, is the effect of the grouping variable z on
y,'. For item , uniform DIF exists if there is a
direct effect of zon y.:

Y= 6+B, z+e, !

The left panel of Figure 1 provides a schemat-
ic framework of the MIMIC-PA approach; the
latent trait 6 predicts responses on self-re-
ported items yl-y3, while the categorical
variable z is the grouping variable that in-
fluences both the latent factor and items y,
and y,. There is no path from z to y, since that
item has been set as the anchor variable. An
item is identified as potentially having DIF if
the statistical and practical significance of
the DIF is established. The beta coefficient
(B) for the item has to be statistically signifi-
cant (e.g., p < .05) according to the Wald Test
and the effect size (i.e., the item’s beta coeffi-
cient divided by the item’s loading) has to be
notable (Shih & Wang, 2009).

MIMIC-interaction method

Unlike traditional MIMIC models, the MIM-
IC-interaction model (Woods & Grimm, 2011)
contains an interaction term for the grouping
variable and the latent trait variable that en-
ables the model to detect both uniform and
non-uniform DIF simultaneously. Previous

2 For the sake of brevity, we do not use a subscript for individuals (i.e., respondents) when explaining the formulation of the

MIMIC models.
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studies have shown that the MIMIC-inter-
action model was a useful tool to detect DIF
in the context of both unidimensional and
multidimensional assessments (Bulut & Suh,
2017; Lee et al., 2017; Woods & Grimm, 2011).
In this study, a multidimensional form of the
MIMIC-interaction model (Lee et al., 2017)
was applied to the polytomously-scored
SCoA items. That is, the SCoA items related
to four constructs (i.e., improvement, exter-
nality, affect, and irrelevance) were tested for
DIF within the same model.

For each polytomous item, the latent con-
tinuous response variable Yy, could be rep-
resented as an observed ordinal response Y,
via a threshold model, identical to that used
in MIMIC-PA (Wang & Shih, 2012):

0 ify; <ty
1 ifty <y; <73
Y, = '

] ify; >.TU

where T, is the threshold parameter of step
j(G=1,2,..,)) initem i. Based on the MIM-
IC-interaction model, Equation 3 demon-
strates Y, can be predicted by the latent
trait 6, group variable z and their interac-
tion term 6z:

y = A 6+B, z+w, Bz+¢, 3

where A is the factor loading of item 4, B, is the
group difference in the threshold parameter
after controlling for any mean ability differ-
ence on 6 between groups. If B, # 0 it indicates
uniform DIF exists in item 7. w, refers to the
nonuniform DIF effects (when w, # 0),and ¢, is
the error term that is normally distributed and
independent of 6 and z. The multidimensional
form of the model in Equation 3 involves 8 and
the interaction term of 6z for each construct.
The right panel of Figure 1 demonstrates the

MIMIC-interaction model for detecting DIF in
a polytomous item.

When compared to a MIMIC model, the
MIMIC-interaction model seemed to exhibit
higher false positive rates, especially when
the anchor test is short and the magnitude
of DIF is small (Lee et al., 2017; Woods &
Grimm, 2011). The MIMIC-PA was also re-
ported to maintain acceptable Type I error
rates only with few DIF items in the test
(Shih & Wang, 2009). It is, however, unclear
which one of these two MIMIC based mod-
els is more likely to have higher inflation of
Type 1 error rate using real-world data.

Results

Descriptive statistics for the asTTle attitude
to subject, standardised achievement test
score (aRs and aMs), and the four Student
Conceptions of Assessment factors are pro-
vided in Table 2.

MIMIC-PA Analysis

Table 3 shows the DIF values for items ex-
cept for the one used as the anchor item for
the MIMIC-PA analysis of each SCoA factor.
Both Irrelevance and Improvement SCoA
factors shared the same item as an anchor
across both school subjects. However, for
SCoA Affective-Social and the External At-
tributions factors, the anchor item was dif-
ferent for reading and mathematics.

Results of the MIMIC-PA analysis identi-
fied five items with large DIF (i.e., > + 0.088;
Gierl, Bisanz, Bisanz, Boughton, & Khaliq,
2001) in mathematics and eight items with
large DIF in reading. In the SCoA Affec-
tive-Social factor item pe2 had large DIF
favoring students with high levels of self-ef-
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Figure 1

Table 2

Schematic framework of the MIMIC-PA and MIMIC-Interaction models

Measure

Reading M (SD) [N=411]

Mathematics M (SD) [N=388]

Attitude to Subject

High Group 3.41(.37) 3.27 (34)

Low Group 2.43(.37) 2.36 (.41)
Conceptions of Assessment

Affective-Social 316 (113) 3.03 (1.09)

External 3.95 (1.00) 3.87(0.96)

Improvement 4.36 (0.89) 4.34 (0.86)

Irrelevance 2.65(0.95) 2.62 (0.94)

ficacy and interest in both mathematics
and reading, while item ce6 favoured high
levels of self-efficacy and interest in reading
only. In SCoA External Attribution, no items
showed any substantial DIF in mathemat-
ics; whereas, in reading, items sql and sq2
had large DIF favouring students who were
both highly interested and self-efficacious.
In SCoA Improvement, item ti6 had large
DIF favoring highly motivated students in
both reading and mathematics; while in
reading item til also had large DIF. In SCoA
Irrelevance, item igl had large DIF for both

school subjects in favour of highly motivat-
ed students. In mathematics, two further
(bdl and ig2) had large DIF both favouring
low self-efficacy and interest students. In
reading, item ig3 had large DIF favouring
students who were highly motivated.
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MIMIC-Interaction Model Analysis

In contradiction to the MIMIC-PA ap-
proach, the MIMIC-interaction model (Ta-
ble 4) showed no items had uniform DIF in
either reading or mathematics. However, in
the SCoA Improvement factor, the item si2

had nonuniform DIF in reading, while two
items (ti4 and ti3) had nonuniform DIF in
mathematics. In the SCoA Irrelevance fac-
tor, the item ig2 had nonuniform DIF in
mathematics. Simply, fewer items with DIF
were identified using the MIMIC-interac-
tion model.

Table 4 MIMIC-Interaction Model DIF Results for the SCoA Items by Factor and Subject
Mathematics Reading

Items Uniform DIF Nonuniform DIF Uniform DIF Nonuniform DIF
Affective-Social
cel 1472 1.571 1.385 1.058
ce2 1.446 0.695 1325 1.402
ce3 1.382 -0.014 1316 1.251
ce4 1328 -0.527 1.268 0.661
ceb5 1.439 -0.227 1.283 0.856
ceb 1334 0.225 1338 0.404
pel 1.637 -1.398 1.456 -0.955
pe2 1.593 -1.541 1.452 -1.653
External Attributions
sfl 0.5 -0.561 -1.418 -0.569
sf2 0.434 -0145 -1.57 -0.402
sf3 0.525 -0.261 -1.471 -0.068
sf4 0.496 -1.554 -1.305 0.804
sql 0.45 0.361 -1.52 1.427
sq2 0.405 -0.054 -1.404 0.754
Improvement
sil 1174 0.228 -1.335 -0.61
si2 -1.064 1.28 -0.831 1.997*
si3 -1186 -1.494 -0.053
si4 -1.075 1.696 -1.32 -0.317
si5 -1187 1.525 -15 0.597
ti1 -1176 0183 -1.64 -0149
ti2 -1.339 -0.158 -1.684 0.986
ti3 -1.095 2.568* -1.312 0.538
ti4 -1144 2.86** -1155 173
ti5 -1.045 0.968 -1.431 1769
ti6 -1.095 1267 -1.088 1.626
Irrelevance
bd1 0.959 1.914 0.447 0.869
bd2 0.678 0.768 0.543 1.094
bd3 0.959 -0.905 0.841 -0.018
bd4 0.569 0178 0.566 -0.675
bd5 0722 -0104 0.572 -0.945
igl 0.569 0715 0.554 0.49
ig2 0.239 2.063* 0.344 0.57
ig3 0.541 0.961 0.452 1.201

Note [tems with potential DIF are bolded. *p < .05, **p <.01
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Discussion

Before discussing the substantive implica-
tions of this study, some consideration of
the technical issues is worthwhile.

Small Sample DIF Analysis

While IRT-based DIF detection methods can
handle both dichotomous and polytomous
item responses as well as MIMIC, an ad-
vantage of MIMIC that is not shared by IRT-
based DIF detection methods is the ability
to include multiple “studied” background
variables of different forms. Hence, both DIF
methods deployed in this paper take advan-
tage of having a psychological factor as the
grouping condition in terms of explaining
manifest and latent responses in the SCoA.

For the most part, the MIMIC-PA meth-
od reported relatively low levels of DIF, with
just five items in mathematics and eight
items in reading having large amounts of
DIF, all purportedly uniform DIF. Indeed, a
feature of the purification method is that,
by treating one item as not having DIF, this
process should result in fewer DIF items be-
ing identified. It is worth considering that
in conducting the DIF analysis iteratively
(i.e., finding the anchor with least DIF and
then test for DIF) the effect of multiple test-
ing has not been corrected. In other words,
more items with DIF are detected potential-
ly because more DIF tests were run.

In contrast, the MIMIC-interaction ap-
proach showed that only non-uniform DIF
existed with just one item in reading and
three items in mathematics. This suggests
that, despite the technical complexity of
the MIMIC-interaction model and the high
false-positive rates associated with this
model (Bulut & Suh, 2017; Lee et al., 2017;
Woods & Grimm, 2011), it is much more

effective in reducing instances of DIF Type
I errors compared to the MIMIC-PA mod-
el. This method appears to be more robust
than the MIMIC-PA model with small sam-
ple sizes. In addition, the multidimension-
al version of the MIMIC-interaction model
takes the correlation among multiple latent
traits into account and thereby improving
the reliability of the estimation process and
providing more accurate results.

Yet, the performance of both models could
be further compared to investigate whether
the MIMIC-interaction approach outper-
forms the MIMIC-PA model under different
conditions (e.g., few DIF items, larger sam-
ple sizes, larger separation between groups).
Additionally, artificial DIF (i.e., DIF favour-
ing one group on some items leading to DIF
favouring the other group on other items)
can be misidentified as real DIF (Hagquist
& Andrich, 2015). Thus, it is worthwhile to
test in future analyses how much artificial
DIF might be produced by the MIMIC-inter-
action and the MIMIC-PA models. Because
there was no gold-standard for determining
the true DIF in these real-world data, using
another DIF detection approach (e.g., IRT
likelihood ratio; Choi, Gibbons, & Crane,
2011) may have been able to corroborate
the results reported here. This could be in-
vestigated in a future simulation study.

Unlike most DIF studies that use a dichot-
omous demographic variable, this study
used a non-discrete psychological back-
ground variable (i.e., self-efficacy and inter-
est toward school subjects) as the grouping
variable. It is worth noting that while the
grouping variable has a binomial distribu-
tion, this does not impact the estimation
of the interaction term which is handled
appropriately in Mplus. A more sophisticat-
ed way of classifying students into different
levels of self-efficacy and interest is needed
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in future studies, rather than simply splitting
at the mean of the sample available. DeMars
(2015), proposed a Mantel-Haenszel DIF
detection approach based on a continuous
rather than a categorical grouping variable
which should be more suitable for use with
latent traits (e.g., self-efficacy and interest)
measured as continuous constructs. Future
studies should consider if this approach
could be extended to the MIMIC DIF models.

A strength of this paper is that it shows
that with relatively small sample sizes and
polytomous items, these two DIF detection
methods differ significantly despite sharing
the same MIMIC framework. There are mul-
tiple reasons for these different results. The
MIMIC-PA is a unidimensional approach, is
iterative in its search for DIF, and does not
test for non-uniform DIF. In contrast, MIM-
IC-interaction not only tests both uniform
and non-uniform DIF but is also multidi-
mensional. These characteristics suggest it
should be a preferred method for DIF detec-
tion in MIMIC contexts.

DIF in the SCoA Inventory

The MIMIC-interaction DIF analysis iden-
tified just four items altogether that had
statistically significant non-uniform DIF.
This interaction is more difficult to explain
than uniform or consistent DIF as seen in
the MIMIC-PA analysis. Here the advan-
tage in these four items varies according
to where the student is on the continuum
for the item. Two of the items are within
the teacher improvement aspect of the Im-
provement factor. It is possible, given the
data were from a small number of schools,
that there are real world differences in how
teachers use assessments to diagnose and
improve student competence. If this could
be validated, then the observed DIF might

reflect real-world conditions rather than
bias. The non-uniform DIF for item si2 sug-
gests that paying attention to assessments
to guide next learning is unusually related
to self-efficacy and interest in reading. The
behaviours underlying ig2 (i.e., throwing
away results) could be present with both
high and lower self-efficacy and interest
students, depending on the value they give
to the test or the result obtained among
other factors. Independent of their self-ef-
ficacy and interest related to the subject,
both groups could endorse this response for
quite different reasons (e.g., high students
do not need results to validate their confi-
dence or interest, while lower self-efficacy
and interest students may disregard results
because those are poor). The absence of uni-
form DIF may explain why an earlier study
(i.e., Brown, Peterson, & Irving, 2009) re-
ported strong invariance.

Thus, a tentative case could be made that
these items, insofar as self-efficacy and in-
terest are concerned, either do not have DIF
at all, or that when apparent it is non-uni-
form in distribution. This seems somewhat
consistent with the fact that self-efficacy
and interest relationships to achievement
are not hugely powerful. Thus, it seems plau-
sible that the detected DIF is more a case of
real differences rather than bias (Zumbo,
2007). This indeed may be a case in which
DIF arises from a construct-relevant source.

The pattern of DIF was not identical for
the SCoA items between the two subjects
tested (i.e., reading and mathematics), sug-
gesting a possible influence of the subject
domain on how students with different lev-
els of interest or self-efficacy respond to the
SCoA. In terms of uniform DIF, one might
conclude from MIMIC-interaction that
there is no difference by subject. Whereas,
the MIMIC-PA approach suggested subject



DIF of Polytomous Items in Small Samples

445

differences in terms of establishing an an-
chor item and the number of items with
large DIF. In contrast, non-uniform DIF
was seen in three items in mathematics
compared to one item in reading. What it
is about these subjects that causes different
patterns is not clear. This discrepancy may
be a function of pedagogical practices in the
two subjects. It seems plausible highly pos-
itive students could be aware of the greater
use of within-class group work and focus on
enjoying literature/reading within English
classes; whereas, mathematics classes may
seem, to students with lower self-efficacy
and interest, to focus on accurate perfor-
mance on tests and pedagogical calls to
study and correct mistakes on tested per-
formance. However, these are highly specu-
lative interpretations, based on stereotypes
of subject classroom practices, and are not
supported with information about actual
practices. Nonetheless, these discrepancies
raise questions about the subject-based
practices around assessment.

The study extends the body of work
around the MIMIC-PA and MIMIC-inter-
action approaches to DIF using real, rather
than simulated, data. This study shows that,
arguably there is no uniform DIF within the
SCoA inventory according to student inter-
est or self-efficacy. It seems, combined with
published studies that have indicated metric
and scalar equivalence for the SCoA (Brown,
Peterson, & Irving, 2009), that the amount
and strength of DIF for SCoA items do not
prevent it from being used as a research
instrument, at least among New Zealand
secondary school students. The items with
non-uniform DIF according to MIMIC-in-
teraction analysis appear to function in ac-
cordance with how interest and self-effica-
cy relate to self-regulation of learning and
achievement. It seems likely that the DIF

maximizes the effect of these control and
competence variables and, thus, legitimates
the SCoA as a measure of important learning
related beliefs. Further, the study shows that
the MIMIC-interaction approach detects
fewer DIF items than the MIMIC-PA meth-
od, despite their shared origins. Whether
such difference is due to greater control over
TypeIerror, is beyond the scope of this study
and should be investigated in future studies.
This paper provides further evidence for the
continued use of the SCoA as a research tool
within educational psychology.
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