
https://doi.org/10.1177/2158244019832706

SAGE Open
January-March 2019: 1–8
© The Author(s) 2019
DOI: 10.1177/2158244019832706
journals.sagepub.com/home/sgo

Creative Commons CC BY: This article is distributed under the terms of the Creative Commons Attribution 4.0 License  
(http://www.creativecommons.org/licenses/by/4.0/) which permits any use, reproduction and distribution of  

the work without further permission provided the original work is attributed as specified on the SAGE and Open Access pages  
(https://us.sagepub.com/en-us/nam/open-access-at-sage).

Original Research

Introduction

Mixed-format items are gaining increasing popularity in 
high-stakes testing. The term mixed format has commonly 
been associated with tests that are composed of multiple 
choice (MC) and constructed response (CR) items. However, 
there are other combinations of tests that constitute mixed-
format assessments. For instance, a combination of MC 
reading comprehension items and MC cloze tests, which are 
used in some high-stakes tests (e.g., the Examination for the 
Certificate of Proficiency in English [ECPE] and the tests 
prepared by the English Department of Cambridge 
University, such as Key English Test [KET], Preliminary 
English Test [PET]), is an instance of mixed format tests. It 
is believed that tests composed of multimethod items are 
psychometrically more advantageous (Wang, Drasgow, & 
Liu, 2016). In tests, where multimethod items are employed, 
it is believed that items of different formats complement 
each other. The depth of the knowledge tested by CR items, 
for example, can complement the breadth of knowledge cov-
ered by MC items. However, this advantage might come at a 
price. Use of mixed format items within the same test 
intended to be a measure of a single construct might lead to 
multidimensionality.

A key assumption in educational measurement is unidi-
mensionality. Unidimensionality provides validity evidence 
for an instrument. A set of items on an instrument intended to 
measure any given construct should reflect individual 

difference on the levels of just that construct. Therefore, the 
dimension should exhaust all the covariation among the indi-
cators and renders them independent conditionally (Baghaei 
& Tabatabaee-Yazdi, 2016). Otherwise the instrument lacks 
construct validity, and there are other confounding variables 
that add construct-irrelevant variance to the target dimension 
intended to be measured by the instrument. This assumption 
is referred to as the local independence assumption in the 
latent variable literature and is equivalent to unidimensional-
ity (Baghaei, 2007, 2010).

In psychological measurement, unidimensionality is 
implicit when persons’ performances are compared based on a 
variable, test takers are classified into groups based on an attri-
bute, or individual differences are expressed in terms of a vari-
able. All construct validation attempts, be they through item 
response theory (IRT), or confirmatory factor analysis (CFA), 
one way or another, boil down to unidimensionality checks.

There might be serious problems arising from the viola-
tion of unidimensionality especially when test takers are 
allowed to select the subset of items that they answer. When 
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IRT models are used to score and equate test forms that are 
comprised of hybrid items, violation of the unidimensional-
ity assumption might lead to thorny problems (Thissen, 
Wainer, & Wang, 1994). If the subsets represent different 
dimensions, comparison of the performance of the test takers 
would be misleading.

Sources of Multidimensionality

Bachman (1990) identified test method as a source of vari-
ance in test performance. According to Bachman, if test 
method is not part of the definition of the construct under 
study, it is considered a nuisance or, or in terms of Messick 
(1989), a construct-irrelevant factor. Test methods have been 
shown to form new dimensions alongside the construct being 
studied (Baghaei & Aryadoust, 2015). According to Yen 
(1993), factors such as test speededness, test method, com-
mon stimuli (e.g., passage), raters, and test rubrics could lead 
to multidimensionality and, hence, threaten construct valid-
ity of tests.

Rauch and Hartig (2010) found that a two-dimensional 
IRT model fits a reading comprehension test composed of 
mixed formats of MC and CR better than a unidimensional 
model. They found the both MC and CR items loaded on a 
proficiency factor common to the items of both format (which 
they interpreted as abilities necessary to master basic reading 
processes that are needed for solving both MC and CR items) 
whereas CR items also loaded on a latent dimension that rep-
resented a proficiency aspect unique to CR items. Although 
they did not rule out other possible sources of multidimen-
sionality such as test-taking strategies, they suggested that the 
second dimension, measured only with CR items, tests abili-
ties necessary to master higher reading processes. The same 
problem might occur with mixed format items composed of 
MC reading and MC cloze items. The two test items, accord-
ing to Bachman’s (1990) framework of test method facets, are 
the same in terms of “nature of expected response” but differ-
ent in terms of the “nature of input.” Research (Mizumoto, 
Ikeda, & Takeuchi, 2016) found that cloze tests require greater 
cognitive processing than MC items of reading comprehen-
sion. Along the same lines, Raymond (1988) argued that cloze 
tests require greater levels of language awareness for the 
reconstruction of meaning than normal reading tasks. In the 
present study, it is hypothesized that the broader range of cog-
nitive resources targeted in cloze tests may be a source of 
multidimensionality. The greater level of language awareness 
or greater cognitive processing demanded by cloze tests than 
what is required in MC reading comprehension test perfor-
mance is what Marais and Andrich (2008) called trait depen-
dence, which they argued leads to trait multidimensionality. 
Marais and Andrich argued for another type of dependence in 
cloze tests, which they called response dependence or item 
chaining effect, which is a method multidimensionality. Due 
to these dependencies among cloze items, mixed-format 

items that include cloze items are hypothesized to be 
multidimensional.

Reading comprehension is commonly measured through 
reading comprehension passages followed by a set of ques-
tions that check test takers’ understanding of the passage. 
Although there have been long debates over what cloze tests 
measure (Baghaei & Ravand, 2016), they have been used as 
measures of reading comprehension. Studies have shown 
that cloze tests need text-level understanding, and hence, 
they measure reading comprehension (e.g., Bachman, 1985; 
Chavez-Oller, Chihara, Weaver, & Oller, 1985; Chihara, 
Oller, Weaver, & Chavez-Oller, 1977; Jonz, 1990; McKenna 
& Layton, 1990).

Famous high-stakes language proficiency tests such as the 
ECPE, which is developed and administered by the University 
of Michigan, and the tests prepared by the English Department 
of Cambridge University, such as KET, PET, First Certificate 
in English, and so on, scale reading comprehension items of 
hybrid formats, that is, text reading and cloze items together.
National tests such as university entrance examinations in 
Iran mix MC cloze items with passage comprehension items 
to measure reading comprehension.

The assumption in all the tests that employ mixed-item 
formats is unidimensionality. Dimensionality of a test has 
implications for score-reporting strategies for the test. The 
structural aspect of construct validity (Messick, 1989) 
requires that the score-reporting policy for each test should 
match the structure of the construct measured by the test. 
According to Loevinger (1957), structural fidelity requires 
that the scoring model of a test be guided by what is known 
about the internal structure of the construct measured by the 
test. If the construct is shown to be multidimensional, multi-
ple scores, rather than a single score, should be reported for 
the test.

Studies Exploring Dimensionality of 
Hybrid Tests

The literature on the dimensionality of hybrid reading com-
prehension items comprising MC and CR forms abounds 
(e.g., Rauch & Hartig, 2010). Studies comparing trait equiv-
alence of MC and CR are mainly of two types (Barati, 
Ravand, & Ghasemi, 2013): (a) studies comparing the rela-
tive difficulty of the two formats (e.g., In’nami & Koizumi, 
2009; Shohamy, 1984) and (b) correlational studies investi-
gating the association between the two formats (e.g., 
Hancock, 1994; Rodriguez, 2003; Thissen et al., 1994). The 
results of these studies are equivocal. Rauch and Hartig 
(2010) found that reading ability measured simultaneously 
with MC and CR items could be described more adequately 
with a two-dimensional IRT model than with a unidimen-
sional model. However, Rodriguez (2003) in a meta-analysis 
of the studies investigating the trait equivalence of MC and 
CR items found that when stems are equivalent across the 
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two formats, the correlations tend to be significantly higher 
than when the stems are not equivalent. Hollingworth, Beard, 
and Proctor (2007), examining the construct equivalence of 
MC and CR items, found that a two-factor solution for MC 
and CR items was satisfactory. Thissen et al. (1994) replicat-
ing Bennett (1993) found a two-factor solution for the MC 
and CR items, whereas in the original study, Bennet had 
found a one-factor solution more parsimonious for the 
College Board’s Advanced Placement test in Computer 
Science. However, the studies on the dimensionality of a 
combination of sustained passages and cloze items of read-
ing comprehension are scanty.

Current Study

The present study intends to investigate the dimensionality 
of mixed passage comprehension and cloze items of reading 
comprehension using a Rasch-model-based bifactor model. 
In this model, MC comprehension questions based on sus-
tained passages are forced to load on a reading factor, and the 
cloze items are forced to load simultaneously on the reading 
factor and a method-specific dimension, which is a cloze 
factor.

The results of this study would shed light on the justifi-
ability or unjustifiability of the current practice in some high 
stakes national and international tests in scaling cloze and 
passage-based items of reading comprehension together and 
reporting a single score to reflect individual differences on 
reading comprehension. If findings indicate that the combi-
nation of sustained passage items and cloze items is not uni-
dimensional, and there is a cloze method factor, then 
combining these two test types and reporting a single reading 
score for the examinees on the combination of both tests is 
not justified.

Method

Instrument and Participants

Participants of the study were a subsample of the Iranian 
National University Entrance Examination (INUEE) candi-
dates (N = 1,024, 68% females) who applied for the under-
graduate English programs in state universities in 2011. 
INUEE is a high-stakes test that screens the applicants into 
English Studies programs at state-run universities in Iran. 
The INUEE measures general English proficiency at an 
intermediate level. The test consisted of four sections: the 
grammar section containing 15 items; the vocabulary section 
containing 15 items; the language function section with 10 
items, where examinees have to read short independent con-
versations (two to four lines) and fill a few gaps; and the 
reading comprehension section with 30 items. The reading 
comprehension section has two subparts. The first subpart 
contained a cloze passage with 10 multiple-choice items, and 
the second comprised three sustained passages followed by 

several questions. The four passages in the reading compre-
hension section were academic texts, and the questions were 
four-option MC. Time for completing the whole test with 70 
items was 105 min. For the purpose of the present study, only 
the two subparts of the reading comprehension section were 
used.

Data Analyses

Unidimensional and multidimensional Rasch models (Rasch, 
1960/1980) were employed to analyze the data. The multidi-
mensional Rasch model employed in this study was the mul-
tidimensional random coefficient multinomial logit model 
(MRCMLM; Adams, Wilson, & Wang, 1997). MRCMLM is 
an extension of the unidimensional Rasch model and enjoys 
the measurement properties of these models including sepa-
rability and existence of a sufficient statistic for parameter 
estimation (Baghaei, 2012).

More specifically, the bifactor model was employed to 
analyze the data in this study. Bifactor modeling is an excel-
lent choice to improve model fit and clean the score variance 
of nuisances. In a bifactor model, variance is decomposed 
into general and specific variance. In bifactor modeling, 
there is a general factor on which all items load and some 
specific factors that represent the unique variance that is not 
included in the general factor. The general and specific fac-
tors are defined to be orthogonal. What is left in the specific 
factors, after partialing out the effects of the general factor, is 
uniqueness of the factor. Bifactor modeling is an excellent 
approach to examine the specific variance that a group of 
items might share that is not included in the general factor.

A unidimensional Rasch model and a bifactor model were 
fitted to the data. In the unidimensional model, all the 30 
items (the 10 cloze items and the 20 passage comprehension 
items) were analyzed together and were modeled to load on 
a single reading comprehension dimension (Figure 1, right). 
In the bifactor model, all the 30 items were modeled to load 
on a reading comprehension dimension, with the 10 cloze 
items simultaneously loading on a cloze-specific dimension 
(Figure 1, left). Since the cloze-specific dimension is a con-
struct-irrelevant nuisance dimension, it was set to be orthog-
onal to the target reading ability dimension. By forcing the 
cloze items to load both on a general reading ability dimen-
sion and a specific cloze dimension, we aimed to partition 
their variance into two components, that is, variance due to 
the general reading ability dimension and the variance that 
represents the uniqueness of the cloze items (Baghaei & 
Aryadoust, 2015). The bifactor model cleans the data from 
domain-specific peculiarities and provides error-free esti-
mates (Baghaei, 2016). The goal of this study is to decom-
pose a mixed-item reading comprehension test variance into 
its components, that is, reading comprehension and cloze-
specific variance.

ConQuest software package version 2.0 (Wu, Adams, 
Wilson, & Haldane, 2007) in which the marginal maximum 
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likelihood estimation method (Bock & Aitkin, 1981) is 
implemented was used to estimate the models. The fits of the 
unidimensional and the bifactor model were compared to 
determine the optimal model for the structure of the reading 
comprehension test. The goodness of fit of the two models 
were compared with their deviances (–2 log-likelihood) and 
information criteria. After estimating the item difficulty and 
person-ability parameters, the log-likelihood of each 
response pattern was computed and summed across examin-
ees. A high log-likelihood or lower −2 log-likelihood index 
(deviance) indicates better model fit to the data. In nested 
models, “where one model is a more constrained version of 
the other model” (DeMars, 2012, p. 106), the difference 
between −2 log-likelihoods of the two models should be 
approximately distributed as chi-square with degrees of free-
dom equal to the difference in the number of estimated 
parameters in the two models. Non-nested models are 

compared with information criteria such as Akaike 
Information Criterion (AIC; Akaike, 1974) and Bayesian 
Information Criterion (BIC; Schwarz, 1978). These statistics 
impose penalties for sample size and the number of parame-
ters estimated.

Results

Table 1 presents the fit statistics for the two estimated mod-
els. The likelihood deviance (G2, −2 log-likelihood) and 
information criteria, AIC, CAIC (Consistent Akaike’s 
Information Criterion), and BIC indicate that the bifactor 
model in which the cloze-specific dimension is factored out 
has a significantly better fit than the standard unidimensional 
model where all items load on a single dimension.

The difference in the deviances of the two nested models 
is statistically significant indicating a better fit for the 

Figure 1.  Graphical representation of unidimensional (right) and bifactor models (left).
Note. Clz. = cloze; PC = passage comprehension.

Table 1.  Global Model Fit Values in the Two Models.

Model
No. of 

parameters G2 AIC CAIC BIC EAP Rel.
R

(PE)
R

(IE)

Unidimensioanl 31 22523.82 22585.82 22769.65 22738.65 .85 –2.36-4.46 –.03-3.92
Bifactor 32 22363.86 22427.86 22617.62 22585.62 .81 –2.21-4.62 –.01-3.99

Note. G2 = deviance; AIC = Akaike’s Information Criterion; CAIC = consistent Akaike’s Information Criterion; BIC = Bayesian Information Criterion; 
EAP Rel. = expected a posteriori reliability; R (PE) = person estimates’ range; R (IE.) = item estimates’ range.



Baghaei and Ravand	 5

bifactor model, χ2 (1) =159.96, p < .001. The variance of the 
reading dimension in the unidimensional model was 2.95 
and in the bifactor model was 3.10. The variance and the reli-
ability of the cloze-specific dimension in the bifactor model 
were .94 and .40, respectively. The higher reliability of the 
reading dimension in the unidimensional model is due to the 
local dependence among the cloze items, which has spuri-
ously inflated reliability (Eckes & Baghaei, 2015).

Table 2 shows the item difficulty estimates, their stan-
dard errors, and their infit values across the two models. 
Item difficulty estimates obtained from the bifactor model 
(M = 2.09, SD = 1.15), where cloze-specific variance is 
modeled and conditioned out, correlated at 0.91 with those 
obtained from the standard unidimensional model  
(M = 2.28, SD = 1.03), indicating that the two models 
yielded similar item difficulty parameter estimates. Absolute 
differences between the item parameters from the two anal-
yses ranged from 0.01 to 1.73 logit with a mean of 0.26.

Person-ability parameters obtained from the bifactor 
model (M = 0.00, SD = 1.59) correlated at 0.987 with the 
ability parameters obtained from the standard unidimen-
sional model (M = 0.00, SD = 1.58). Absolute differences 
between the person parameters from the two analyses ranged 
between 0 and 0.76 logit (M = 0.20).

Discussion

It is commonly known that individual differences in han-
dling test format peculiarities could constitute a source of 
construct irrelevant variance (Bachman, 1990). In this study, 
we aimed to separate the cloze-specific irrelevant variance 
in a reading comprehension test using a multidimensional 
Rasch model. We separately fitted a unidimensional Rasch 
model and a bifactor Rasch model, in which the cloze items 
loaded on a method-specific dimension while simultane-
ously loading on the general reading dimension, to a reading 

Table 2.  Difficulty Estimates, Standard Errors, and Infit Mean Square Values in the Two Models.

Item

Unidimensional Bifactor

Est. (SE) Infit MNSQ Est. (SE) Infit MNSQ

Clz. 1 0.04 (.07) 1.18 0.03 (.04) 1.17
Clz. 2 1.09 (.08) 0.98 0.59 (.04) 0.98
Clz. 3 1.28 (.08) 1.10 0.69 (.04) 1.09
Clz. 4 2.20 (.09) 0.92 1.18 (.04) 0.95
Clz. 5 0.61 (.07) 0.96 0.33 (.04) 0.92
Clz. 6 –0.03 (.07) 0.96 –0.01 (.04) 0.97
Clz. 7 1.76 (.08) 1.14 0.94 (.04) 1.15
Clz. 8 3.71 (.31) 1.02 1.97 (.07) 1.10
Clz. 9 2.24 (.09) 0.97 1.20 (.04) 1.04
Clz. 10 1.71 (.08) 1.07 0.92 (.04) 1.13
PC 1 2.63 (.10) 0.91 2.68 (.10) 0.93
PC2 2.37 (.09) 0.92 2.41 (.09) 0.92
PC 3 2.19 (.09) 1.04 2.23 (.09) 1.04
PC 4 3.14 (.11) 0.99 3.19 (.11) 0.99
PC 5 2.73 (.10) 0.99 2.78 (.10) 0.99
PC 6 3.15 (.11) 0.92 3.21 (.11) 0.91
PC 7 2.70 (.10) 0.92 2.75 (.10) 0.90
PC 8 2.46 (.10) 0.95 2.51 (.10) 0.94
PC 9 3.91 (.14) 1.08 3.98 (.15) 1.07
PC 10 3.54 (.13) 0.97 3.60 (.13) 0.94
PC 11 1.57 (.08) 0.97 1.60 (.08) 1.00
PC 12 3.12 (.11) 0.88 3.18 (.11) 0.88
PC 13 1.85 (.08) 1.16 1.88 (.09) 1.19
PC 14 3.67 (.13) 1.03 3.73 (.13) 1.01
PC 15 2.35 (.09) 0.94 2.39 (.09) 0.94
PC 16 2.40 (.09) 1.13 2.45 (.09) 1.11
PC 17 0.97 (.07) 0.96 0.98 (.08) 0.98
PC 18 2.91 (.11) 1.02 2.97 (.11) 1.02
PC 19 3.16 (.11) 0.95 3.22 (.11) 0.93
PC 20 2.98 (.11) 1.07 3.03 (.11) 1.07

Note. Est. = estimate; SE = standard error; MNSQ = mean square; Clz. = cloze; PC = passage comprehension.
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comprehension test composed of MC questions based on 
sustained passages and MC cloze items. Findings showed 
that the bifactor model fitted the data significantly better 
than the unidimensional model. This was an indication that 
the cloze items share variance above and beyond the general 
factor. In other words, the cloze items produce variance that 
is not explained by the target reading comprehension 
dimension.

In bifactor models, if a specific factor does not contain 
something unique and only reflects the general factor, it 
ceases to exist after controlling for the general factor. This is 
reflected by low variance and reliability estimates for the 
specific factor (Baghaei, 2016). In this study, the variance 
and reliability of the cloze-specific dimension were big 
enough to make it a nonignorable dimension. The better fit of 
the bifactor model and the relatively large variance and reli-
ability of the cloze-specific dimension indicate that the struc-
ture of the reading comprehension test, composed of 
sustained passages and cloze passages, is not unidimen-
sional, as not all the variance can be explained by a single 
reading dimension. That is, the cloze-specific dimension has 
unique variance beyond and above the target reading com-
prehension construct and forms a dimension separate from 
the main reading dimension. In other words, the cloze items 
share something above and beyond the primary reading com-
prehension construct, and the variance in the reading com-
prehension test cannot be explained by a single dimension.

There are two possible reasons for the large variance and 
reliability of the cloze-specific dimension: (a) method bias 
and (b) the level of cognitive processing targeted by cloze 
test items. The variance of the specific factor shows the size 
of the method bias. In the context of this research, the cloze-
specific dimension could indicate individuals’ facility in 
handling cloze items. Cloze and its variations have tradition-
ally been used as measures of intelligence (Binet & Simon, 
1905; Ebbinghaus, 1897; Spearman, 1927). Recently, other 
researchers have suggested cloze and its variations as mea-
sures of crystallized intelligence (Ackerman, Beier, & 
Bowen, 2000; Baghaei & Tabatabaee-Yazdi, 2015; 
Schipolowski, Wilhelm, & Schroeders, 2014). Therefore, 
reading comprehension tests composed of cloze tests could 
measure intelligence as well, which is a nuisance dimension 
in a reading comprehension test. Through bifactor modeling, 
the irrelevant specific variance of the cloze items can be sep-
arated and improve the model fit and by implication improve 
the validity of the reading comprehension test. This con-
struct-irrelevant uniqueness is ignored in the unidimensional 
model and becomes part of the reliable variance-inflating 
reliability. The uniqueness of the cloze items could be any-
thing like intelligence, closure speed, or closure flexibility, 
which are irrelevant to the reading comprehension 
construct.

Another possibility is that the unique cloze-specific 
dimension might reflect greater cognitive processing or lan-
guage awareness compared with what is demanded by MC 

reading comprehension items. Although test-taking strate-
gies and testwiseness cannot be ruled out as a possible source 
of multidimensionality, as Rauch and Hartig (2010) argued, 
comparing MC and CR reading comprehension items, the 
second dimension, which is uniquely measured by cloze 
items, may test abilities necessary to master higher order 
reading processes, whereas the first dimension, which is 
common to both types of items, measures basic reading 
processes.

Currently, it is not possible to extricate the effect of the 
span of cognitive processings required by different tests 
methods from testwiseness and test-taking strategies. Most 
of the studies exploring dimensionality of mixed-item tests 
have attributed emergence of new dimensions to test-taking 
strategies rather than to the differences in the span of cogni-
tive processes targeted by the test methods. It should be 
emphasized that test-taking strategies, testwiseness, and dif-
ferences in the span of the cognitive processes contribute to 
construct irrelevant variance. The irrelevant cloze-specific 
variance might alter the correlation between reading compre-
hension and external criteria, affecting the validity of the 
reading comprehension measure (Danner, Aichholzer, & 
Rammstedt, 2015). Therefore, it is crucial to model method-
specific irrelevant variance in reading comprehension tests 
containing cloze items.
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