MORE ON THE VALIDITY AND RELIABILITY OF C-TEST SCORES:
A META-ANALYSIS OF C-TEST STUDIES

A Dissertation
submitted to the Faculty of the
Graduate School of Arts and Sciences
of Georgetown University
in partial fulfillment of the requirements for the
degree of
Doctor of Philosophy
in Linguistics

By

Todd McKay, M.A.

Washington, DC
April 29, 2019

Copyright 2019 by Todd McKay
All Rights Reserved

ii

MORE ON THE VALIDITY AND RELIABILITY OF C-TEST SCORES:
A META-ANALYSIS OF C-TEST STUDIES

Todd McKay, M. A.
Dissertation Advisor: Jeff Connor-Linton, Ph. D.
ABSTRACT
Hundreds of C-test studies have been published since Klein-Braley’s (1981) dissertation work in
Duisburg, Germany (Grotjahn, 2016). C-tests are popular because many claim they are easy to
develop, administer, and score. C-tests are widely used, and C-test studies vary in crucial ways:
C-test scores are used to support different decisions, C-test users interpret scores as measuring
different language constructs, and researchers construct and develop C-tests in many ways.
Variations across C-test studies can pose unique challenges for C-test use.
I report the results of a random-effects meta-analysis of C-test study information. I collect
information about the types of decisions C-test scores are used to support, correlation coefficients
and score reliabilities to shed light on what C-test scores measure, and information about steps Ctest users took to construct and develop their C-tests. Studies were retrieved from five major search
channels. Inclusion–exclusion decisions were made during eligibility and prescreening stages. The
main study-coding phase involved five qualified coders, rigorous coder-training procedures (see
Stock, 1994), the double coding of all studies, use of a FileMaker Pro 17 coding form, and
assessing coder reliability. In addition to information about descriptive statistics, correlational
analyses, and score-reliability estimates, the coding team gathered information about study
features, language setting, participants, how C-test scores were used, and how C-tests were
constructed and developed; variables in these categories were the basis for subgroup analyses.

iii

Score reliabilities were corrected for measurement artifacts, and correlation coefficients were
corrected for attenuation before analysis.
Following study screening, 239 studies were included in the dataset. Results show that,
when study effects are grouped by criterion construct, C-test scores correlate most strongly with
scores on other general language proficiency tests (r = .94 [.87; .97]). Too few study effects were
available to examine the relationship between decisions made on the basis of C-test scores and the
magnitude of correlation coefficients. Key findings regarding C-test construction and development
steps are that reliabilities are higher when users explore alternate deletion rules, use a series of
dashes to indicate deleted letters or syllables, use alternate-answer scoring schemes, analyze scores
with factor models, and order C-test texts randomly. There was little evidence of bias in study
results.
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CHAPTER 1: INTRODUCTION
1.1 Overview
Since Klein-Braley (1981) first developed the C-test as part of her dissertation work in
Duisburg, Germany, hundreds of C-tests have been produced. These C-test studies vary in a
number of important ways, including (1) the ways C-tests are used, (2) what C-test scores are
intended to measure, and (3) how they are constructed. In addition to the sheer size of the C-test
literature, these ways in which C-test studies vary can pose challenges for ongoing and future Ctest work.
The purpose of my dissertation is to conduct a research synthesis and quantitative metaanalysis of information in C-test research that was published in English. Through the metaanalysis, I aim to shed light on what C-test scores ‘measure’ by aggregating strength-ofrelationship effects between C-test scores and those of other measures. Additionally, in order to
provide a more trustworthy account of those effects, different forms of reliability evidence are also
aggregated in this dissertation and used in key ways. Aspects of C-test use—more specifically,
two ways in which C-tests are repurposed—and aspects of C-test construction and development
serve as subgroups for examining the relationship between C-test scores and those of other
measures. My dissertation makes a number of timely and important contributions to C-test work:
raising awareness about language used to make claims of ‘test’ reliability, clarifying problems with
certain (popular) reliability analyses in C-test work, shedding light on ‘what the C-test measures,’
and bringing order to what has become a messy C-test literature.
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1.2 Three Major Ways C-test Studies Vary
1.2.1 Lots of studies out there
Since Klein-Braley (1981) developed the first C-test as part of her dissertation work in
Germany, hundreds of individual C-test studies have been produced. At the time of writing this
introduction, for instance, Grotjahn’s (2016) C-test bibliography lists over 528 entries, including
works in progress, journal articles, edited volumes and books, master’s theses, and doctoral
dissertations. To date, C-test studies have varied in three major ways: why C-tests are used, what
C-test scores are intended to measure, and how C-tests are developed or constructed.

1.2.2 Different uses
C-test have been put to many different uses over the years. C-tests have been used to place
students in language programs (e.g., Mozgalina & Ryshina-Pankova, 2015; Norris, 2006), to
measure learning gains in intensive language programs (e.g., Daller & Phelan, 2006), to calibrate
a starting point for computer-adaptive language tests (e.g., Sumbling et al., 2007), or as instruments
for research (see Norris, 2018a) to elicit responses that can be used as covariates in statistical tests
(e.g., Handley, 2013) or as a basis for grouping learners by proficiency level (e.g., Khabbazbashi,
2017). Studies that document C-tests for these uses are many.

1.2.3 What C-tests measure
C-test studies also vary in terms of what C-test scores are intended to measure. More
accurately, C-test users’ interpretations of what C-test scores measure differ across studies. A Ctest is a type of fill-in-the-blank test that, typically, consists of multiple passages, taken from
different sources, and portions of words—as opposed to whole words—are deleted. C-tests are
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based on reduced-redundancy theory; when completing a C-test, C-test–takers have to cut through
‘noise’ in the text (i.e., the deleted words) and make use of clues “available in the remaining
portions of the text and in their heads” to restore portions of words that were deleted (Klein-Braley,
1994, p. 25). Some view performances on C-tests as indicative of domain-specific abilities, such
as reading ability (e.g., Hajebi, Taheri, & Allami, 2018; Rabadi, 2015) or writing ability (e.g.,
Park, 1998), while some view them as indicative of general language proficiency (GLP),
frequently operationalized as a mix of the four skills (Cvekić, 2016). Others view C-test
performance as indicative of knowledge of grammar (e.g., Brummel, 2012) or vocabulary (e.g.,
Karimi, 2011). Finally, some note that the C-test is a measure of ‘general language proficiency’—
and then leave the reader to wonder what that is (e.g., Ziafar & Maftoon, 2014). Just as C-test uses
vary across studies, so do C-test users’ understandings and interpretations as to what their scores
measure.

1.2.4 C-test construction and development
A final way that C-test studies vary is in how the C-tests used in them are developed and
constructed. C-test development, with exceptions, of course, usually consists of the following steps
(see Grotjahn, Klein-Braley, & Raatz, 2002; Raatz & Klein-Braley, 2002): defining the population,
selecting texts, constructing the C-test, pilot-testing an initial version of the C-test with native
speakers (NS), analyzing NS data, ordering texts in a subsequent version of the C-test, pilot-testing
the later C-test version with non-native speakers (NNSs), scoring the NNSs’ C-test responses, and
then analyzing NNS data (also, see Norris, 2018b). Although C-test construction is one of the Ctest development steps, I refer to “development” and “construction” separately in order to make a
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distinction in processes that often vary across C-test studies. Differences with respect to these two
processes are briefly discussed below.
First, C-test studies may vary in aspects of the steps taken to develop them. For example,
referring to the steps laid out above, texts can be selected for inclusion in a C-test in considering
text type or genre (see Brown & Abeywickrama, 2010); text difficulty, as determined by language
proficiency guidelines or skill-level descriptors, such as the Interagency Language Roundtable
(ILR) descriptors (e.g., Lee-Ellis, 2009) or the Test of Korean Proficiency descriptors (e.g., Son et
al., 2018); or curricular content (e.g., Mozgalina & Ryshina-Pankova, 2015; Norris, 2006, 2008).
To give another example, C-test users may pilot their C-tests (e.g., Lundell & Lindqvist, 2014b)
or they may not (e.g., Dörnyei & Katona, 1992). These are just two steps in which C-test users
may differ in developing their C-tests.
Second, C-test studies may differ in how C-tests are constructed; by “construction,” I am
referring to the process of deleting portions of words in texts that comprise a multi-text C-test. Ctest users may follow the ‘canonical’ deletion rule (see Grotjahn, 2000; Klein-Braley, 1981) by
deleting the second half of every second word, beginning from the second sentence (e.g., Baghaei,
2013). On the other hand, C-test users might make modifications by choice (e.g., Jafarpur, 1999),
wanting to examine the extent to which changes to so-called format or content factors (Sigott,
1995) affect the difficulty of a C-test, or out of necessity because the language in which a C-test is
being developed makes following the canonical ‘rule of two’ impossible (e.g., McKay & Abedin,
2018).
In summary, since the first C-test was developed almost 40 years ago (Klein-Braley, 1981),
there have been hundreds of individual C-test studies. C-test studies vary in a number of ways,
including what C-tests are used for, what C-test scores are supposed to measure, and how C-test
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users go about developing and constructing C-tests. Although variation is not necessarily a bad
thing, these particular differences pose a number of unique challenges for the ongoing use of Ctests in language education.

1.2.5 Dissertation contributions
A meta-analysis of information presented in C-test studies is needed to help make sense of
the different ways in which C-test studies vary and how that variation impacts the interpretations
and decisions made on the basis of C-test scores—this dissertation does just that. Specifically, this
dissertation makes the following timely contributions to the field: it (1) makes sense of the plethora
of C-test studies that are out there by identifying trends and gaps in the domain, (2) aggregates
correlation coefficients and score reliabilities to shed additional light on what C-test scores
measure, (3) provides a set of score-reliability benchmarks so that C-test users have a point of
reference for interpreting the reliability of C-test scores they obtain in the course of their own
work, (4) builds awareness among C-test users about the danger inherent in referring to their Ctest tests as being reliable and not C-test scores, and (5) examines how differences in the ways Ctests are constructed and developed relate to score reliability and observed relationships between
C-test scores and criterion-measure scores.

5

CHAPTER 2: BACKGROUND LITERATURE
2.1 Statement of the Challenge(s)
There are four challenges in the C-test literature related to differences across studies. First,
being repetitive, hundreds of C-test studies—both published and unpublished—have been
produced to date; with so many C-test studies out there, it can be difficult to know how to ‘make
sense’ of that information (see Norris & Ortega, 2006). Second, while using a C-test for a different
purpose than it was designed for is not in itself problematic, repurposing a C-test requires that
interpretations and uses made on the basis of C-test scores be re-evaluated (Chapelle, 1994); reevaluation does not always happen. Third, and related to C-test use, “What do C-test scores
actually measure?” is a question that remains unanswered and continues to be relevant for C-test
users today (Babaii & Ansary, 2001; Eckes & Grotjahn, 2006). The fourth and final challenge
pertains to C-test development and construction. Some steps in C-test development, like the
development of any instrument, such as piloting, are best practice and yet C-test developers do not
always adhere to them. Regarding C-test construction, while Grotjahn (1987) advocated for
pragmatic decisions in C-test construction, he also noted that deviations from the canonical C-test
rule should be thoroughly investigated. These four challenges provide the framework for the rest
of this section and are discussed in more detail below.

2.1.1 Lots of studies out there
The first challenge is that there are hundreds of both published and unpublished C-test
studies in the C-test literature. While the size of the C-test literature is not, by itself, problematic,
it does make it more difficult for C-test users to evaluate patterns and gaps that exist across C-test

6

studies (see Norris & Ortega, 2006). Below, I briefly illustrate the growth of the C-test literature
and how its size can make discerning patterns and gaps challenging for C-test users.
2.1.1.1 Size of the C-test literature. Since the early 1980s, the C-test literature has grown
considerably. Figure 1 below is a simple histogram that plots the number of C-test studies made
available from 1981 to 2018; the studies represented in Figure 1 were retrieved from a number of
databases and reference lists, including Google, Google Scholar, Communication and Mass Media
Complete, Project Muse, JSTOR, Academic Search Premier, Education Full Text, ProQuest
Dissertations and Theses, PsycINFO, ERIC, MLA International Bibliography, Sociological
Abstracts, and Web of Science. In Figure 1, the growth in C-test studies is clear. Up until about
2008, except for the occasional yearly spike in number of C-test studies published, there were
fewer than about 20 C-test studies per year, whereas, after 2008, the number of C-test studies
published per year ranges consistently from about 25–40. Clearly, the C-test literature is growing.
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Figure 1. Number of C-test studies by publication year.

8

2.1.1.2 Problems and gaps. While the size of the C-test literature is not, by itself, a problem,
it can make it more difficult for C-test users to identify patterns and gaps in the literature. To give
one example, apart from a handful of cases (e.g., Arras & Grotjahn, 1994; Lee-Ellis, 2009; Roos,
1994; etc.), still relatively few C-tests have been developed in languages with non-alphabetic
scripts (though, see Norris, 2018a); many have been developed in German, English, and French.
To give another example, many C-tests have been used with learners in foreign-language (FL)
contexts (e.g., Wolter, 2002a), but few have been used with learners in second-language (L2)
contexts (e.g., Suzuki, 2015). Script and language setting are just two examples of patterns and
gaps that can get lost in the increasing but delightful morass of C-test studies.
In summary, a first challenge is the ever-growing body of C-test literature. Every year, as
the information in Figure 1 suggests, more and more C-tests are used in both published and
unpublished work. As the body of C-test work continues to grow, it can be difficult for C-test users
to make sense of information in that work, including patterns or relationships among studies and
gaps within them.

2.1.2 Repurposing C-tests
A second challenge in the C-test literature has to do with repurposing C-tests (or, more
accurately, decisions and interpretations made on the basis of C-test scores). While using a C-test
for a different, alternate purpose is not, by itself, a problem, when a C-test is repurposed, the
validity of claims based on score interpretations and use need to be re-evaluated (Chapelle, 1994;
Messick, 1989); re-evaluation, however, does not always happen. Looking across C-test studies,
the C-tests used in them are often repurposed in one of two ways: C-test scores are used to make
or inform different decisions, or they operationalize different language constructs.

9

2.1.2.1 Different decisions. First, among individual C-test studies, C-test scores are used to
make or inform different decisions. Decisions made on the basis of C-test scores may include
placement, screening, achievement, or proficiency decisions (Brown, 2005). By far, the most
common decisions made on the basis of C-test scores are proficiency decisions (e.g., Fadaeipour
& Zohoorian, 2017; Khabbazbashi, 2017; Lee-Ellis, 2009); by “proficiency decisions,” I am
referring to instances in which C-test users interpret scores to make the determination that students
are ‘low-level’ users or ‘advanced’ language users (i.e., assign some label to students on the basis
of their scored performances). However, C-test scores can also be interpreted to inform curricular
placement decisions (e.g., Harsch & Hartig, 2016; Mozgalina & Ryshina-Pankova, 2015; Norris,
2006), basic screening decisions (e.g., Thirakunkovit, 2016), and the starting points for computeradaptive tests (e.g., Sumbling et al., 2007), for example. Because C-test scores were originally
interpreted to inform proficiency and placement decisions (e.g., Klein-Braley & Raatz, 1984;
Klein-Braley, 1985), variation in how a C-test scores are used requires the C-test user to provide
evidence to support interpretations and uses on the basis of those scores. In the C-test literature,
there is variation among studies in the decisions made on the basis of C-test scores.
2.1.2.2 Different operational constructs. Second, C-test scores are also used among studies
as operational measures of different language constructs. While some view C-test scores as
measures of general language proficiency (e.g., Eckes & Grotjahn, 2006; Hosseini, Hassanzadeh,
& Shayegh, 2012; Hunt, 2014; etc.), others view C-test scores as measures of domain-specific
abilities, such as reading ability (e.g., Hajebi, Taheri, & Allami, 2018; Rabadi, 2015) or writing
ability (e.g., Park, 1998). Others view C-test scores as a measure of general language proficiency
and some other more specific domain—for example, vocabulary (e.g., Daller & Phelan, 2013) or
grammar (e.g., Lys, 2013). Just like decisions made on the basis of C-test scores, changes in the
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operational construct of a C-test require the C-test user to re-evaluate interpretations and uses made
on the basis of those C-test scores. C-test scores are operational measures of quite a few different
language constructs across C-test studies.

2.1.3 What C-test scores measure
2.1.3.1 Construct-validity and reliability evidence. A third challenge among studies in the
C-test literature is related to the perennial question, “What do C-test scores actually measure?”—
or the construct-validity interpretations of C-test scores. To shed light on this question, C-test users
are tasked with collecting two broad types of evidence to support claims about what C-tests
measure: (1) construct-validity evidence and (2) reliability evidence. There are issues in the
collecting and reporting of both types of evidence among individual C-test studies; however,
before talking about what these issues are, construct-validity evidence and reliability evidence are
briefly explained.
The first type of evidence C-test users need to collect is construct-validity evidence.
Construct-validity evidence may also involve different sub-categories of evidence, including
content evidence, task analysis, item analysis, internal test structure, evidence from experimental
research, and correlational evidence (Chapelle, 1994). In the context of C-test research, although
evidence from each sub-category would only serve to strengthen claims about what C-test scores
measure, the sub-category of construct-validity evidence most relevant for this dissertation is
correlational evidence. Construct-validity evidence in the form of correlation coefficients is most
relevant for this dissertation for two reasons: because correlation coefficients are effect sizes, they
can be meta-analyzed, and, all other things constant, the higher the correlation coefficient, the
better that coefficient summarizes the relationship between sets of scores (Sinharay & Holland,
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2006). For example, if C-test scores measure vocabulary, then they should correlate with scores
on other vocabulary measures; if they do not measure vocabulary, then they should correlate less
strongly with scores on vocabulary measures. By meta-analyzing correlation coefficients between
C-test scores and scores on other measured variables, we can obtain an estimate of the relationship
between C-test scores and those of other measures.
The second type of evidence C-test users need to collect is reliability evidence. There are
two pervasive issues with respect to reliability in applied linguistics, generally speaking. The first
issue is altogether failing to calculate and report reliability estimates (see Derrick, 2016; Norris &
Ortega, 2000; Plonsky & Derrick, 2016). The second issue is understanding the relationship
between reliability and measurement (see Messick, 1989; Purpura, Brown, & Schoonen, 2015).
Failure to report and calculate reliability estimates is an issue because these estimates provide a
sense of the extent to which scores or responses are consistent for a given sample (see VachaHaase, 1998). Understanding the relationship between reliability and measurement is crucial
because reliable scores or responses allow us to make claims that scores conform to certain
properties and that we are measuring something (see Michell, 2003).1 For example, if we measure
a bag of black beans at the supermarket again and again, each time obtaining a measure of 1lb
(plus a little bit of error at each measurement), we understand that scores are consistent (1lb at
each measurement) and that, by adding two bags of about the same number of beans, the total bag
weight will be about 2lbs; thus, the scores (weight measurements) conform to certain properties
(e.g., [bag 1 + bag 2] = [bag 2 + bag 1], [bag 1 * bag 2] = [bag 2 * bag 1], etc.). C-test users need
to collect reliability evidence because, without it, we have no support for validity claims at all. For
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Michell (2003) also talks about the fundamental misconception in psychology that assigning numbers to something
makes a data structure ‘quantitative’—a misconception in applied linguistics, too—for which he derides Stevens
(1946). Quantitative structure, in addition to the consistency of scores or responses, is also essential for measurement
and is something the researcher must demonstrate exists for a particular phenomenon or psychological construct.
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example, if there is a problem with the scale (lots of rust in the joints, for example), and, each time
the bag is measured, we obtain a different weight (e.g., 1lb, 1.7lb, .2lb, etc.), we have no idea that
one bag weighs 1lb because measurements are not even remotely consistent. Scores must be shown
to be reliable before we can say anything about what they measure; for example, in the two-bag
example above, if, after obtaining consistent weights of 1lb at each measurement, I claim that “the
beans were organically farmed in Georgia,” I would have little support for this claim despite
consistent measurements. Hence the axiom that reliability is a necessary but insufficient condition
for validity (see McKay & Plonsky, in press).
Now that construct-validity and reliability evidence have been covered in broad strokes, I
return to how both correlational evidence (one of the ‘sub-categories’ of construct-validity
evidence) and reliability evidence, specifically, are problematic among individual C-test studies.
There are two issues related to correlational evidence reported in C-test studies: a lot of
correlational evidence is reported, and it is not always clear whether or not study authors correct
for attenuation. There are three issues related to reliability evidence among C-test studies: language
about C-test reliability (and validity), the blind use of reliability analyses with little attention paid
to their artifacts, and the sheer number of reliability estimates in the literature. The sets of issues
for each type of evidence, construct-validity and reliability evidence, are discussed below.
2.1.3.1.1 Correlational evidence issues. The first issue with correlational evidence among
C-test studies is the number of correlation coefficients that are reported. It is tough to use
correlation coefficients to support claims that C-test scores measure a particular construct when so
many correlation coefficients are reported among C-test studies; this issue is further muddied when
the ways C-tests are repurposed are taken into account. All things being equal, the closer the
correlation coefficient is to 1.00 between C-test scores and those of another test (i.e., the criterion
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measure), the more statistical backing we have to support the claim that the coefficient of 1.00
summarizes the relationship between C-test and criterion-test scores (see, for example, Rodriguez,
2003). For instance, if scores on an English C-test correlated at r = 1.00 with scores on the TOEFL
iBT®, then there would be strong statistical support for the claim that English C-test scores and
TOEFL iBT® scores are strongly related and perhaps measure something akin to North-American,
academic English ability (Alderson, 2009). The nature of the C-test construct, in so far as we can
understand it by analyzing correlational evidence, is unclear because C-test scores are correlated
with those of so many other types of tests, all of which operationalize different constructs (e.g.,
knowledge of vocabulary, productive vocabulary, general language proficiency, reading ability,
general language proficiency + vocabulary or grammar, etc.). So many correlation coefficients
between C-test scores and scores on other measures can be misleading because the naïve researcher
may think C-test scores measure many different constructs; however, without taking into account
the unreliability in a set of scores, it is tough to know whether or not a relationship does, in fact,
exist between C-test scores and, say, grammar-test scores, or if there were problems during test
administration, with test items, etc. Of course, it may also be the case that C-test scores do correlate
with scores on other measures, providing evidence for the claim that C-test scores measure
something akin to general language proficiency; at this point, though, what C-test scores measure
is unclear.
The second issue with correlational evidence among C-test studies is uncertainty as to
whether study authors have corrected for attenuation. Rodriguez (2003) notes that “correction for
measurement error is necessary since estimated correlations result from test forms of widely
differing abilities” (p. 173). In other words, correlation coefficients are mediated by the
instruments that we use to elicit the performances we score; scores elicited with poorly designed
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instruments will depress an observed relationship, whereas scores elicited with well-designed
instruments provide a more trustworthy indication of the magnitude of one observed relationship
(in the series of possible relationships, given sampling error [Cumming, 2014]). To give a concrete
example, say C-test scores correlate with scores on a vocabulary test; there is measurement error
in both C-test scores and vocabulary-test scores that combines, in a multiplicative fashion, when
scores are correlated. So, if the true correlation between C-test scores and vocabulary-test scores
is .99 (because, say, both sets of scores measure vocabulary equally well), and the reliabilities for
C-test scores and vocabulary-test scores are .76 and .89, then the unreliability in both sets of scores
combines to yield (.99)*(√.76)*(√.89) = .81. We can ‘correct’ for the unreliability in C-test and
vocabulary-test scores—(.81) / √(.76)*(.89) = .99—to obtain a more trustworthy estimate of the
true relationship. If we do not correct for measurement error, then it is impossible to tell if the
relationship between scores is accurately gauged by the observed correlation coefficient or if there
was simply error in the measured variables. Many individual C-test studies do not report
correlation coefficients that are corrected for measurement error; Eckes and Grotjahn (2006), in
their table of correlation coefficients reported by studies that examined the relationship between
C-test scores and scores on other, common tests (see pp. 295–297), show that corrected coefficients
are reported in less than half the studies in their table. If study authors do not correct for attenuation,
then any claims made on the basis of correlation coefficients between scores on C-tests and some
other test are weakened.
2.1.3.1.2 Reliability evidences issues. The first issue related to reliability evidence
reported among individual C-test studies is language about C-test reliability and validity. All too
often in C-test research, study authors refer to their C-tests as being reliable, as opposed to the
scores or measures elicited with them; Vacha-Haase (1998), citing Gronlund and Linn (1990, p.
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178), notes that reliability “refers to the results obtained with an evaluation instrument and not to
the instrument itself […] Thus, it is more appropriate to speak of the reliability of ‘test scores’ or
the ‘measurement’ than the ‘test’ or the ‘instruments’” (p. 7). Language of this sort is common
among individual C-test studies. To give one example, in work a colleague and I did to develop a
Bangla C-test (McKay & Abedin, 2018), we noted that, because more students are learning Bangla,
there is an “increase in the need for a reliable, easy-to-administer proficiency assessment [a Bangla
C-test]” (p. 63). To give another example, in developing an English C-test for L1-Hungarian
English learners, Dörnyei and Katona (1992) noted that the results of their C-test development
“confirmed that the C-test is a reliable and valid instrument” (p. 187). Language of this sort is
troubling for one important reason.
The reason such language is problematic is that it gives would-be C-test users the
impression that instruments can be used indiscriminately. In other words, ‘test-is-reliable’ (TiR)
language gives would-be users the impression that, because reliability evidence indicated C-test
scores were consistent for a given sample of learners in some study, the C-test from that study can
be taken from the appendix and used at will; as a result, users fail to report reliability estimates for
the sample’s scores in their study. However, because C-test scores were reliable with one sample
does not mean they will be so for another sample; rather, reliability statistics are “typically sample
dependent […] and may not hold in all populations or in all samples from any given population,
particularly when those samples are nonrandom” (Rodriguez & Maeda, 2006, p. 308).2 For
example, Kormos (2006), examining the structure of L2 self-corrections, used the English C-test
that “had been validated by Dörnyei and Katona (1992)” (pp. 58–59) to measure the proficiency
of the students’ in her study. In Kormos’ (2006) study, the students who took her C-test were L1-

To make matters worse, Larson-Hall and Herrington (2010) note that “one statistical problem that we probably
cannot avoid [in applied linguistics] is the lack of truly random selection in experimental design” (p. 368)
2
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Hungarian speakers, aged 16–35 years old, who were (a) students at language school, (b) English
majors at university in Budapest, and (c) students in an evening training course at university in
Budapest; in Dörnyei and Katona’s (1992) study, however, students were all first-year English
majors at university in Budapest. Clearly, the student makeup is different in each study—and
Kormos (2006) does not report on the reliability of scores used in her study. The second reason
TiR language is problematic is because it may result in the failure of study authors to report
reliability estimates for the C-test used in their study.
A second issue related to reliability evidence reported among individual C-test studies is
the blind use of reliability analyses with little attention paid to their artifacts. By far, the most
commonly used internal-consistency reliability estimate in language education research is
coefficient alpha (α) (see, for example, table 8 in Plonsky & Derrick, 2016), so discussion here is
focused on coefficient α. While coefficient α is the most commonly used reliability index, it has
two well-known artifacts or problems (see Cho & Kim, 2015; Rodriguez & Maeda, 2006), which
are frequently ignored in the reporting of reliability estimates in language education work,
generally, and among individual C-test studies, more specifically. First, all things being equal, the
α coefficient is a function of the number of items included in the analysis; the more items in the
analysis, the higher the coefficient α estimate. Fortunately, the number of items can be taken into
account by correcting the estimate with the Spearman–Brown prophecy formula. Second, again,
all things being equal, greater variance in observed scores will lead to a higher estimate of
coefficient α.
These two problems with coefficient α are frequently ignored in language education work,
generally. For example, although Plonsky and Derrick (2016) is extremely valuable in raising
awareness about the strengths and weaknesses of instrument reporting practices in language
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education work (see also Derrick, 2016), the study includes some problematic reports of reliability.
First, it reports the aggregate, median reliability estimates for (a) instrument, (b) inter-rater, and
(c) intra-rater reliability. Instrument reliability includes internal-consistency analyses, such as
split–half reliability, coefficient α, and KR-20/-21, among others. The authors report an overall,
median estimate of .82 for instrument reliability, but aggregating across reliability indices (e.g.,
coefficient α, KR-21, etc.) is problematic because estimates are based on different formulas (see
table 3 in their study, p. 544).3 With enough data in hand, Beretvas and Pastor (2003) recommend
synthesizing each type of estimate separately. Second, in table 8 of their study (p. 547), although
the authors appear to have aggregated Spearman–Brown corrected estimates (and, apparently, just
for split–half analyses), it is unclear whether they accounted for number of items and observedscore variance in the median coefficient (α = .81) estimate they report. Though an invaluable
contribution to the field, Plonsky and Derrick (2016) illustrates how problems with coefficient α
persist in language education work.
These two problems with coefficient α are frequently ignored among C-test users, more
specifically. For instance, Lei (2008) reports on the development of an English C-test for L1Chinese ESL learners. Lei’s English C-test consists of five passages with 20 blanks per text. Daller
and Phelan (2006) develop an English C-test for use with business English students during an
intensive English program in the U.K. Daller and Phelan’s English C-test consists of six passages
with 20 blanks per text. Lei reports a value of coefficient α = .75, and Daller and Phelan report a
value of coefficient α = .84. While other factors may result in higher or lower coefficient α
estimates, such as more or less stringent C-test design or development procedures, for instance,
the higher value reported in Daller and Phelan’s study could be due to the greater number of items

3

However, coefficient alpha (α) and KR-20 yield similar results when items are scored dichotomously (Brown,
2014).
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included in the analysis.4 By not accounting for the number of items in the analysis, the extent to
which scores are reliable for a particular group of students, having taken a particular C-test, is
unclear.
The third and final issue surrounding reliability evidence among individual C-test studies
is the sheer number of reliability estimates reported in the literature. With so many reliability
estimates reported across different types of reliability estimation methods, it can be a challenge for
C-test users to gauge the extent to which the scores they obtain, using their C-tests, are reliable
with respect to other C-test studies that conduct reliability analyses with similar language-user
populations; in short, score-reliability benchmarks for C-test users are in short supply. Referring
to effect sizes in psychology research, Cumming (2014) notes that “published reference points can
sometimes guide interpretation” (p. 16). Similarly, but in language education, Norris and Ortega
(2007) note that syntheses can help “establish descriptive benchmarks that aid future interpretation
of results” (p. 809). With respect to the omission of reliability estimates (see earlier discussion),
Plonsky (2013) notes that “omission of an estimate of reliability not only weakens the
interpretability and trustworthiness of individual studies but […] leaves future researchers to use
the same or similar instrument without a point of comparison for their instruments and samples”
(p. 679). Plonsky and Derrick (2016) provide a set of possible benchmarks that can be used to
compare C-test score reliability, but their meta-analysis excluded studies from major testing
journals (Language Testing and Language Assessment Quarterly), selectively sampled published
studies from academic journals in a limited time range (2009–2013), and neglected to account for
known problems with some reliability analyses, such as coefficient α (i.e., number of items and
observed variances). Therefore, one product of this dissertation will be a more trustworthy set of
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Lei (2008) treated C-test texts as superitems, whereas what constituted an item (blank or passage testlet) in Daller
and Phelan (2006) was not stated.
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benchmarks for C-test users given the sheer number of reliability estimates that are reported among
individual C-test studies.

2.1.4 C-test construction and development
A fourth and final challenge among studies in the C-test literature is the variable
construction and development of the C-tests used in them. Recall that developing a C-test, usually,
consists of multiple steps (see Norris, 2018b; Raatz & Klein-Braley, 2002), and C-test construction
is one step in the C-test development process. Recall also that I make a distinction between
“construction” and “development” to better delineate aspects of these two processes that vary
among C-test studies. Below, I discuss variations in these two processes and how that variation
among individual C-test studies may be problematic for C-test users.
2.1.4.1 C-test construction. C-test users may differ in how they construct their C-tests. Ctest users may change how they construct their C-tests in three ways: by changing the C-test
deletion rule, by making modifications to so-called format or content factors to potentially alter
the difficulty of a C-test (Sigott, 1995), or by making changes because the language in which the
C-test is being developed requires some changes be made. These three ways in which C-test users
may change how they construct their C-tests do overlap.
2.1.4.1.1 The canonical C-test rule. First, C-test users may make changes to the deletion
rule. The so-called canonical deletion rule is to delete the second half of every second word,
beginning from the second sentence (Raatz & Klein-Braley, 2002); each of these ‘components’ of
the canonical ‘rule of two’ can be altered. For example, a C-test user might not delete the second
half of a word but instead delete a middle portion (see Baur & Meder, 1994; Daller et al., 2002),
the first half (e.g., Farhady & Jamali, n. d.), or two-thirds of a word (e.g., Köberl & Sigott, 1994,
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cited in Sigott, 1995). To give another example, a C-test user might not delete half of every second
word but of every third word (e.g., Daller et al., 2002; Jafarpur, 1999) or start making deletions
from not the second word but the first word in a sentence (e.g., Chihara, Cline, & Sakurai, 1996).
The different ‘components’ of the rule of two can be changed in the construction of C-tests.
2.1.4.1.2 Difficulty factors. Second, C-test users may make changes to format or content
factors to make a C-test easier or more difficult (Sigott, 1995). For Sigott (1995), changes to
‘format factors’ consist of changes to “the deletion rate, the deletion pattern, and the point of onset
of deletion” (p. 44). ‘Content factors’ include word frequency, word class, and main-clause
constituent type. Format and content factors are briefly described below.
C-test users can make changes to format factors. Format factors include deletion rate,
pattern, and starting point; these are discussed above with respect to the canonical C-test deletion
rule. However, I would also extend format factors beyond those encapsulated in the canonical
deletion rule to include (a) number of blanks in a C-test and (b) blank type. Traditionally, the
number of blanks per C-test passage is 20–25, and the blank type can consist of a single, unbroken
line or a series of dashes with one dash per deleted letter (Grotjahn, 2000). Among individual Ctest studies, Wolter (2002a) uses a random assortment of 24–40 blanks per text, and, while Daller
and Yixin (2017) used a solid line to indicate the deleted portion of a word, others have used dashes
(e.g., Lee-Ellis, 2009) or dots (e.g., Dörnyei & Katona, 1992). To alter C-test difficulty, C-test
users can make changes to format factors, including number of blanks per C-test text and blank
type.
C-test users can also make changes to content factors to alter C-test difficulty; content
factors include word frequency, word class, and main-clause constituent type. For example, word
frequency pertains to how often a word appears in a text or C-test (see Köberl & Sigott, 1994, cited
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in Sigott, 1995). If a word is deleted too often in a text, the C-test user can decide to alter the
phrasing of a sentence in some way (see Counsell, 2018) or insert words to offset the deletion rate
(see Raish, 2018). C-test users can also modify words if words are abstract, low-frequency words
(e.g., Maimone, 2018). C-test users can alter content factors in a C-test to make it more or less
difficult.
2.1.4.1.3 Language considerations. Finally, C-test users might change how they construct
their C-test because of the language in which the C-test is being developed. Changes might be to
the canonical C-test deletion rule or to format or content factors. For example, because Arabic is
written from right to left, it makes more sense to delete the second half of a word, moving from
right to left (Raish, 2018). Or, because of a language’s script, the basis for deletion might not be
letters but characters (e.g., Sasayama, 2018) or parts of characters (e.g., Son et al., 2018). Also
because of a language’s script, it might make more sense to indicate deleted portions that need
restoring using circles (e.g., Roos, 1994; Sasayama, 2018) or a combination of circles and squares
(e.g., Suzuki, 2015). Therefore, because of the language in which a C-test is being developed, Ctest users might make changes in terms of the canonical deletion rule or format and content factors.
2.1.4.2 Challenges with construction. Variation in C-test construction among individual
studies can create challenges for C-test users. More specifically, challenges may arise among
individual studies in one of two ways. First, challenges arise when individual studies neglect to
report how the C-tests used in them were constructed. Second, challenges may affect score
reliability and the interpretations and uses based on them. Each of these challenges is discussed
below.
2.1.4.2.1 Failure to report. First, variation in C-test construction among individual C-test
studies is particularly challenging when C-test authors do not report information about the C-test
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used in their study. Ebrahimi-Bazzaz, Samad, and Ismail (2010), looking to measure the
collocational competence of Iranian EFL learners, used a C-test that was developed by Al-Zahrani
(1998). Responses to the C-test were “carefully reviewed,” and it was found that “some items were
not too easy or too difficult” (p. 9); there is no entry for Al-Zahrani (1998) in the reference list,
and no other information about how the C-test was constructed can be found. Similarly, Hajebi,
Taheri, and Allami (2018), also investigating the collocational competence of Iranian EFL
learners, note that “a 50-item collocation C-test was developed and validated for [their] study,”
and it had “50 items which included five lexical and grammatical categories of nouns, verbs,
adjectives, adverbs and prepositions” (p. 226); no other information about how the C-test was
constructed was reported, and the C-test cannot be found in the appendix. One serious challenge
among individual C-test studies is when authors neglect to report how the C-tests they use were
constructed.
2.1.4.2.2 Score reliability, interpretations, and uses. Second, some challenges may affect
the reliability of scores and the interpretations and uses based on them. For example, some C-test
users use KR-20 (e.g., Park, 1998) and KR-21 (e.g., Babaii & Fatahi-Majd, 2014; Karimi, 2011;
Tabatabaei & Shakerin, 2013) reliability estimation methods to calculate the internal-consistency
estimates of responses to C-tests. However, because both KR-20 and KR-21 make use of itemfacility estimates to calculate reliability coefficients, changes made during C-test construction to
modify difficulty, such as changing the blank type or deleting a larger chunk of a word, can impact
the resulting reliability coefficients. Similarly, earlier I noted that one of coefficient α’s artifacts is
that it is sensitive to the number of items included in the analysis; if C-test users construct C-tests
with different numbers of blanks overall or blanks per passage, then coefficient α will be inflated.
Finally, interpretations may be impacted by changes to content factors; by modifying words to be
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deleted, a test taker may be able to refer to information elsewhere in the C-test (e.g., scan for a
similar word) to restore the word, thereby potentially influencing the construct of interest (see
Chapelle, 1994). Thus, challenges may arise with respect to the reliability of scores and
interpretations and uses based on those scores when C-test users make changes in how they
construct their C-tests.
2.1.4.3 Challenges with development. Different steps C-test users take when they develop
their C-tests can pose challenges for future C-test work and research. Variation in the following
steps among individual C-test studies can be problematic: selecting texts, piloting an initial version
of the C-test with NSs and later with NNSs, analyzing NS scores or responses, and ordering texts
in a subsequent version of the C-test. Several examples of variation in each of these development
steps are given below.
2.1.4.3.1 Text selection. First, variation may occur among C-test studies during the textselection phase. Specifically, C-test users might choose texts according to their own best judgment,
or they might ask raters or experts to select texts based on their perceptions of difficulty or with
the help of language proficiency guidelines or skill-level descriptors. For example, some C-test
users select texts for their C-tests with the help of raters or experts (e.g., Lee-Ellis, 2009; Norris,
2006), but some users do not indicate whether rater or expert feedback informed text selection
(e.g., Dallinger et al., 2016; Murtagh & van der Slik, 2004). An issue with the best-judgment
method is that study authors’ biases influence text selection; instead, more systematic ways of
selecting texts for inclusion in a C-test might be to refer to content at different course levels, ask
students who perform at different levels to select texts that they feel are appropriate or challenging
for them, or obtain feedback from language instructors, for example. Text selection is one step in
the development of C-tests where there is considerable variation among individual C-test studies.
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2.1.4.3.2 Piloting. Second, variation in development may occur when C-test users pilot
their C-tests with NSs or NNSs. It is important to pilot all data-collection instruments in language
education work and not just C-tests; during piloting, a number of problems with instrument might
‘come out of the woodwork,’ such as double-barreled questions, poorly worded instructions, bad
use of whitespace, redundant items, and so on. Among C-test studies, some C-test users pilot their
C-tests (e.g., Lundell & Lindqvist, 2014b) and some do not (e.g., Dörnyei & Katona, 1992).
Variation in the piloting of C-tests can pose challenges because failure to pilot might signal a
poorly designed C-test, which will then yield less reliable scores, for example. In addition to the
text-selection step, variation among C-test studies happens during piloting.
2.1.4.3.3 Scoring. Third, variation among C-test studies happens during the scoring of
learners’ C-test responses. Conventionally, in scoring C-test responses, misspelled words are
marked as being incorrect (Grotjahn, 2000). However, C-test users might use other scoring
schemes, such as accepting alternative responses (e.g., Wolter, 2002a) or using both exact-word
and alternative-answer scoring (e.g., Murtagh & van der Slik, 2004). It is not hard to see how
variation in scoring can pose challenges for C-test users; more lenient scoring procedures influence
item-level statistics, which in turn affect the reliability of scores and interpretations made on the
basis of scores. Additionally, how a C-test user accounts for spelling says something about how
they view the construct they are targeting with their C-test. Variation in the scoring step of C-test
development can be a challenge across C-test studies.
2.1.4.3.4 Ordering. Fourth and finally, variation among C-test studies happens when
individual C-test texts are assembled into the multi-text C-test. Again, conventionally, C-test texts
are ordered in terms of increasing difficulty (at the text level) in a C-test (Grotjahn, 2000). Some
C-test users adhere to the easy–difficult ordering convention (e.g., Janebi Enayat & Babaii, 2018)
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but some randomize the order of texts to account for potential ordering and fatigue effects (e.g.,
McKay & Abedin, 2018; Mozgalina & Ryshina-Pankova, 2015). The issue here is that there may
indeed be ordering or fatigue effects that introduce error in the course of measuring students’
performance on C-tests. Therefore, variation in the text-ordering step of C-test development
among C-test studies can be cause for concern.
In summary, the fourth and final challenge among individual C-test studies in the C-test
literature is the set of different ways in which C-test users construct and develop their C-tests. In
constructing their C-tests, C-test users may make changes to the canonical rule of two, in order to
manipulate text difficulty through content and format factors, or on the basis of the language in
which they are developing their C-test. In the course of C-test development, C-test users may differ
in how they select texts, if they pilot their C-tests, how they score responses, and how they order
texts. Variations in constructing and developing C-tests can pose problems for C-test users because
they affect score reliability and introduce other sources of error.

2.2 Contributions of My Dissertation
The purpose of my dissertation is to conduct a quantitative meta-analysis of information
reported in C-test studies for two primary aims: to (1) begin to ‘make sense’ of the many individual
C-test studies that are out there and (2) better understand the relationship between scores on Ctests and those on other measures. While (1) is straightforward (and very ‘surface-y’), (2) is more
complex and involves multiple steps, such as aggregating not only strength-of-relationship effects
(Pearson’s r, in most cases) but information about (a) ways C-test scores are repurposed across
studies, (b) the reliability of C-test scores to correct for attenuation and more precisely estimate
the relationship between C-test scores and those of other measures, and (c) variations in how C-
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tests are constructed and developed to help with (b). My dissertation will help to resolve—or at
least to provide a frame of reference for better understanding—the challenges associated with the
different, broad ways (outlined above) in which C-tests vary. Below, I discuss the contributions of
my dissertation in the order of variations and challenges discussed above.

2.2.1 Lots of C-test studies
2.2.1.1 ‘Make sense’ of C-test studies. First, and to address Aim (1), my dissertation will
be a first at trying to ‘make sense’ of the very many studies that make up the C-test literature (see
Norris & Ortega, 2006). In terms of the value in making sense of a lot of research, Cooper (2017)
sums up the importance of my dissertation quite nicely, stating that sometimes “the value of a
synthesis is easy to establish: [a] lot of past research has been conducted and it is yet to be
accumulated, summarized, and integrated” (p. 58)—no meta-analysis of C-test work has been done
to date. This dissertation makes two other sub-contributions: (a) it moves to make the sub-field of
C-testing in applied linguistics a more cumulative sub-field (Cumming, 2014), and (b) it makes
apparent trends and gaps across C-test studies. Let me talk about each of these sub-contributions
in more detail.
Cumming (2014) notes that we should use “a small- or large-scale meta-analysis whenever
that helps build a cumulative discipline” (p. 8). My dissertation will help create a cumulative Ctest sub-field in two ways. First, my dissertation meta-analysis will aggregate correlational and
reliability evidence to provide a set of ‘best possible’ estimates for future C-test users; in other
words, my hope is that the results of my meta-analysis will provide a trustworthy point of reference
for guiding interpretations and uses on the basis of C-test scores in the future. Second, the results
of my meta-analysis will guide future C-test users in a number of ways, such as by clarifying
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aspects of C-test use, construction, and development that should be reported in C-test studies. This
last point relates to Norris and Ortega’s (2006) ‘synthetic ethic,’ whereby C-test users report
certain information about their C-tests in order to facilitate ongoing and potential future C-test
work. In these ways, my dissertation will help to make the world of C-testing a more cumulative
sub-field.
2.2.1.2 Trends and gaps across studies. Second, my dissertation will highlight trends and
gaps across C-test studies. In his meta-analysis of study quality, Plonsky (2013) noted that, of the
(k = 606) studies that were included in his meta-analysis, most reported research questions and
hypotheses (a trend) but few studies reported descriptive statistics, effect sizes, and confidence
intervals (a gap). Similarly, in their groundbreaking meta-analysis on the effects of L2 instruction,
Norris and Ortega (2000) found that all the primary studies in their meta-analysis reported sample
sizes (a trend) but that the way statistical significance tests were interpreted betrayed a
misunderstanding of the relationship between sample size and observed p-values (a gap). In much
the same way that Norris and Ortega (2000) and Plonsky (2013) were able to clarify things
members of the field were doing well and areas that needed improvement, so too will the results
of my dissertation shed light on trends and gaps in C-test work.

2.2.2 What C-test scores actually measure
The results of my dissertation meta-analysis help us understand what it is C-test scores
actually measure. More specifically, I aggregate the correlation coefficients calculated between Ctest scores and scores on other measures; correlational evidence is one of several types of evidence
that can be used to inform construct-validity claims (Chapelle, 1994; Messick, 1989). Additionally,
my dissertation considers the correlational evidence in light of the two ways C-tests are
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repurposed: (a) for making or informing different decisions and (b) as operational measures of
different constructs. Below, I discuss correlational evidence with respect to fixed- and randomeffects models. I then discuss correlational evidence with respect to the two ways C-tests are
repurposed.
2.2.2.1 Aggregate correlational evidence. Correlational evidence is one type of evidence
that we can use to support construct-validity claims. Correlation coefficients are bounded between
–1.00 and 1.00,5 and the closer the coefficient is to 1.00, the more statistical support we have for
the claim that scores on the two tests that are being correlated are related and perhaps elicit
performances representing a same or similar construct. Under a fixed-effects model, an r of 1.00
with a homogenous set of effect sizes (other r’s across studies) is statistical support for the claim
of trait-equivalence between two tests. The fixed-effects model, in this case, would then assume
that error variance is attributable to sampling error. However, if there is considerable heterogeneity
among effect sizes (which is likely to be the case), then error variance is likely due not only to
sampling error but to some difference among studies, and a random-effects model should be used.
Cumming (2014) recommends always using a random-effects model. My dissertation will use a
random-effects model to examine the distribution of observed relationships between C-test scores
and scores on other measures.
Although my original thinking was to compare heterogeneity in study effects computed
with both fixed- and random-effects weights, I believe a random-effects model is most appropriate
for analyzing effects in this dissertation for several reasons. First, C-test studies almost always
vary in terms of the student test-taker populations, instructional setting (e.g., second language,
foreign language, immersion, etc.), test-administration conditions, and so on; because there is so

To account for range restriction in correlational values, the data will need to be transformed (e.g., using a Fisher’s z
transformation).
5
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much variation among C-test studies, it stands to reason that this variation would also manifest in
variation among study effects. Therefore, using a random-effects model would take into account
not only within-study variation but also differences between studies due, in part, to the
aforementioned differences. Second, even though, ideally, I would like to believe that, all other
things constant, C-test scores correlate almost perfectly at r = .99 with, say, scores on a reading
test, the fact remains that effects meta-analyzed in this dissertation are computed from C-test scores
and reading-test scores elicited from different reading tests and test items. Therefore, it stands to
reason that, even within the subset of coefficients computed from correlating C-test scores with
reading-test scores, there would be differences on account of reading-test constructs, items, test
format, etc., not to mention differences with respect to C-tests. Third, again, even though I would
like to think a strong relationship can be found among study effects, with little heterogeneity
among those effects, under these conditions, “the random-effects analysis reduces to the fixedeffect analysis, and so there is no cost to using this model” (Borenstein et al., 2013, p. 85). Thus,
analyses in this dissertation were done using a random-effects model, and I discuss heterogeneity
among study effects.

2.2.3 Reliability in C-test research
The results of my dissertation will inform interpretations about the reliability of C-test
scores in the C-test literature. By collecting reliability evidence for my dissertation, I make three
important contributions to the C-test literature: (1) I use reliability evidence to provide a more
trustworthy account of ‘what the C-test measures,’ (2) I raise awareness about reporting on score
reliability in C-test research, and (3) I provide a set of C-test–specific benchmarks for interpreting
reliability estimates. I discuss each of these contributions in more detail below.
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2.2.3.1 More trustworthy account. First, by collecting reliability evidence across individual
C-test studies, I will be able to provide a more trustworthy account of what C-test scores measure
in several ways. The first way that I can provide a more trustworthy account is by weighting r’s
between C-test scores and scores on other tests by the reliability evidence reported in individual
studies (see Oswald & Plonsky, 2010); this can be done, for example, by including reliability
information as a covariate in analyses. The second way I can provide a more trustworthy account
is by using item-level information and observed-score variance in calculating reliability
information. Different reliability estimation methods have different problems, such as number of
items and observed-score variance. I can use item-level information to adjust the reported
reliability of C-test scores in some studies, depending on the reliability estimation method used. I
can also use observed-score variance as a covariate in analyses (Rodriguez & Maeda, 2006). By
accounting for known problems with reliability analyses, I can adjust reported reliabilities across
studies, and then use this information to provide a more accurate picture of the relationship
between C-test scores and those of other measures.
2.2.3.2 Reliability awareness. Second, the results of my dissertation will also help to raise
awareness among C-test users about several reliability-related issues. There are three issues my
dissertation will help with: (1) use of TiR language, (2) failure to report adequate information
about students who take C-tests, and (3) problems with popular reliability analyses.
2.2.3.2.1 TiR language. There are two problems with use of TiR language: the
indiscriminate use of C-tests and neglecting to report or carry out reliability analyses. My
dissertation results will help temper language about tests being reliable and promote the
understanding that scores (not tests) are (un)reliable. By raising awareness about the use of TiR
language, my hope is that C-test users will no longer borrow tests from the appendices of studies
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and then use them willy-nilly (the first problem with TiR language). Also, I hope that readers of
this dissertation will understand that neglecting to report on the results of reliability analyses for
different samples (the second problem with TiR language) can lead to the misinterpretation and
use of C-test scores. Changing C-test users’ use of TiR language will be the first reliability-related
contribution my dissertation will make.
2.2.3.2.2 C-test user profiles. Related to the need to report the results of reliability
analyses, my dissertation will lead to more thorough reporting about the profiles of those who take
C-tests. Because reliability analyses (at least in classical test theory) are sample-dependent, C-test
users need to report enough information about the profiles of those who take their C-tests so that
future C-test work can better situate itself with respect to past work. In short, more thorough
reporting about C-test–takers will help the field grow. My dissertation will raise awareness about
the importance of reporting about C-test–takers.
2.2.3.2.3 Reliability analysis issues. My dissertation will also raise C-test users’
awareness about the artifacts associated with different reliability analyses. For example, reliability
estimates cannot be averaged across the types of reliability analyses used to obtain them.
Coefficient α is the most commonly used internal consistency reliability estimation method in L2
education work but also among individual C-test studies, yet its estimates are affected by item
counts and observed-score variance. For other reliability estimates, such as KR-21, the facility
indices of items included in the analysis are affected by ways C-test users construct and develop
their C-tests. By bringing these issues to light, my dissertation will raise C-test users’ awareness
about artifacts associated with different reliability estimation methods and ways they can be
accounted for in their own work.
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2.2.3.3 C-test reliability benchmarks. Third, my dissertation will also contribute to scorereliability work with C-tests by providing a C-test–specific set of reliability benchmarks. As I
discussed above, there are a lot of reliability estimates out there in the C-test literature, but there
is no set of benchmarks that can be used to inform interpretations with respect to the reliability of
C-test scores. Other, more general benchmarks have been published (e.g., Plonsky & Derrick,
2016), but these are less appropriate for C-test use for reasons I discussed above. Therefore, a
major contribution of my dissertation will be a set of C-test–specific benchmarks for particular
decision-making purposes and test-user profiles.

2.2.4 C-test construction and development
My dissertation will also inform future C-test construction and development. There are two
ways my dissertation will inform future C-test construction and development: by (1) bringing order
to what has become a messy C-test literature in terms of construction and development, generally,
and (2) examining the extent to which variation in construction and development relate to the
reliability of C-test scores. My dissertation’s two contributions to C-test construction and
development are discussed below.
2.2.4.1 Messy construction and development. First, in terms of construction and
development, the C-test literature has gotten messy; my dissertation will bring some order to the
construction and development side of the C-test literature. Among individual C-test studies, C-test
users often make changes to how they construct and develop their C-tests, but they do not always
provide detailed information about changes they made or the rationale behind making those
changes. As a result, individual C-test studies fall into two broad camps: studies in which users (a)
adhere to tradition and the canonical rule of two or (b) make changes to any number of construction
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and/or development steps. While deviations from the canonical deletion rule are just fine (indeed,
often necessary in a particular language), C-test users should always explain why deviations were
explored, what ways they may have influenced results, and how their decisions and results relate
to those in other C-test studies. My dissertation will bring some order to the construction and
development aspects of individual C-test studies, broadly speaking.
2.2.4.2 Construction and development subgroups. Second, my dissertation will also
explore the extent to which variations in C-test construction and development relate to the
reliability estimates of C-test scores. For example, text order (easy to difficult vs. randomly
ordered), NNS scoring (exact-word scoring vs. alternative answers okay), pilot testing (a C-test
was pilot-tested with NNSs vs. not pilot-tested with NNSs), blank type (solid line vs. dashed lines
vs. other), and script (alphabetic vs. non-alphabetic) are aspects of C-test construction and
development (the variations talked about) that are likely to influence the reliability of C-test scores.
In exploring the extent to which these variations may influence the reliability of C-test scores (by
using them as subgroups in analyses), my dissertation results motivate a set of ‘best practices’ for
C-test construction and development. Exploring the relationship between construction–
development subgroups and C-test score reliability is another contribution of my dissertation.

2.2.5 Contribution conclusion
In summary, my dissertation will make a number of timely contributions to the C-test
literature; my dissertation will also be a step toward making the C-test sub-field in language
education a more cumulative sub-field. Above, I discussed the major contributions of my
dissertation with respect to the broad trends across differences among C-test studies (e.g., in terms
of how C-tests are used, what C-test scores measure, and how C-tests are constructed and
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developed), in addition to the sheer number of C-test studies that are out there. Briefly, my
dissertation will be a first attempt at ‘making sense’ of the many C-test studies that are out there,
will shed light on what C-test scores measure by aggregating both correlational evidence to inform
construct-validity claims and reliability evidence (as a pre-requisite for making those claims), and
explore the extent to which C-test score reliabilities differ by C-test construction and development
steps. Though a modest dissertation, it is a timely and useful contribution to language educators,
generally, and C-test users, more specifically. My dissertation also comes at a time in language
education when methodological aspects of studies are being emphasized (e.g., Brown, 2015; Choi
& Richards, 2016; Mizumoto & Plonsky, 2016).
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CHAPTER 3: METHODOLOGY
3.1 Overview
In this section, I discuss various aspects of this dissertation meta-analysis’ methodology.
For the most part, I followed the APA’s meta-analysis reporting standards (MARS) in reporting
information about this meta-analysis (some MARS sections about treatment effects and means
comparisons were irrelevant for this dissertation). Specifically, major topics covered in this section
include the following: inclusion–exclusion criteria, subgroups analyses, search strategies, coding
procedures, and statistical methods. Each major topic is detailed below, and all relevant materials,
data, and information can be found on my personal website (McKay, 2016).

3.2 Inclusion and Exclusion Criteria
In the main study-coding phase, studies could be excluded for a number of reasons. In this
section, I discuss the variables of interest, populations in C-test studies that were eligible to be
included, eligible research design features in studies, and ‘other restrictions’ that may have led to
a study being excluded. Even though I made every attempt to filter ineligible C-test studies in the
eligibility- and preliminary-screening stages, a few studies—upon closer examination—were
deemed ineligible for inclusion in this dissertation meta-analysis. Details about variables, eligible
populations and design features, and ‘other restrictions’ are detailed below.

3.2.1 Variables of interest
I was interested in two variables in this meta-analysis. The two variables for which I was
interested in coding data were scores on one or multiple C-tests and scores on any other measure.
As for the C-test–score variable, C-test scores were coded in primary studies provided that C-test
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scores resulted from researchers using a C-test that was at least one passage in length. Although
some C-test users emphasize that a C-test should consist of multiple passages (e.g., Hastings,
2002c; Klein-Braley & Raatz, 1984), C-test studies that used a C-test that consisted of at least one
paragraph were included in this meta-analysis. Conversely, we did not code information in studies
in which C-test users used a ‘C-test’ that consisted of isolated sentences (e.g., Bazzaz & Samad,
2011) or blanks from C-tests presented to test-takers in isolation (e.g., Khodadady, 2007, 2012).
As for the “scores on any other measure” variable, because this variable permitted C-test studies
that included correlations between C-test scores and not only scores on other language tests but
also questionnaire responses, eye-tracking saccades and regressions, and coded data, primary
studies in which authors were interested in a broad spectrum of substantive issues were coded in
the main study-coding phase. In summary, the two variables of interest for this meta-analysis were
C-test scores obtained from C-tests with a minimum of one passage and scores on any other
measure.

3.2.2 Eligible student populations
We6 included all student populations in this dissertation meta-analysis, provided the focus
of the C-test study was about language education. C-test studies that were about students learning
their L1 or about the language learning of disabled students were also included. For example,
Linnemann and Wilbert (2014) examined the relationship between general language proficiency—
operationalized as performance on a German C-test—and cognitive and academic processing in
learning disabled students whose L1s were German or Turkish. Data from students in Linnemann

6

In the coding section, in particular, I change to using first-person plural to reflect the work of the coding team.
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and Wilbert (2014) were included in this meta-analysis. In short, our inclusion criteria for eligible
student populations were broadly inclusive of all students, provided they were learning language.

3.2.3 Eligible research design features
We took several factors into consideration when determining the research design features
of C-test studies to include in this meta-analysis. The factors we considered involved the goals of
this meta-analysis, C-test use, and the nature of C-test scores that were eligible for inclusion in this
meta-analysis. Each of these factors is briefly detailed below.
First, one of the main goals of this meta-analysis is to aggregate correlation coefficients to
inform our interpretations as to the construct validity of C-test scores. Therefore, we are interested
almost exclusively in studies that use correlational designs to address study-specific research
questions. Studies that used C-test scores as the dependent variable in means-based (and other)
comparisons were not eligible for inclusion in this meta-analysis unless those C-test scores were
also correlated with scores on some other measure. The goals of this meta-analysis meant that we
coded for correlation coefficients across individual C-test studies.
Second, we also considered C-test use in determining C-test studies to include in this metaanalysis. If a study correlated C-test scores with scores on another measure, that study was included
in this meta-analysis. However, some C-test studies correlated C-test scores with scores on other
measures at a single point in time, such as in examining the relationship between sets of scores in
a placement test battery at the start of an academic term, while some C-test studies administered
the same or similar C-tests at different time points, perhaps to try and capture gains in language
learning (e.g., a within-groups design). Although, broadly speaking, any C-test study that
correlated C-test scores with scores on another measure was included in this meta-analysis, we
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also coded studies that correlated C-test studies at a single time point versus studies that used Ctests in a within-groups, pre–post design. If a study only reported descriptive statistics for a
correlation done between test scores at a second time point (and did not report anything for
analyses at the first time point), then only data from the second time point was coded, but the study
was flagged as coming from within-groups design because it will have data dependencies and an
inflated correlation coefficient. Thus, in considering eligible research designs, we also took into
account whether or not a C-test was used at a single time point or as part of a within-groups,
repeated-measure design.
Third, we also considered the nature of C-test scores when determining eligible research
designs. Studies in which C-test scores were summed scores, factor scores, other unit-normal
scores (e.g., z-scores), or percentages were included in this meta-analysis. However, we did not
include studies if scores being correlated consisted of gain scores (e.g., Hessel, 2017), meandifference scores between C-test scores obtained from performances on a C-test in two different
languages as a measure of language dominance in bilinguals (e.g., Daller & De Jong, 2009), scores
fabricated for illustrative purposes (e.g., Schmid, 2011c), or scores derived from C-test scores that
were used to create an altogether new variable with which original C-test scores were correlated
(e.g., Vedder & Benigno, 2016). We also had to take into account the nature of C-test scores when
determining which research designs to include in this meta-analysis.

3.3 Subgroup Analyses
Provided there were sufficient numbers of studies, we carried out subgroup analyses over
several major coded categories. Major categories in which subgroup analyses were done included
the following: general characteristics, report characteristics, study setting, participant
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characteristics, C-test repurposing, descriptive reporting, C-test construction, and C-test
development. Many of these categories correspond to major problems in the C-test literature that
were specified and discussed in Chapter 2, including the different ways C-test scores are
repurposed and aspects of -test construction and development that vary across individual C-test
studies. Additionally, subgroup analyses were carried out by type of correlation coefficient
reported, C-test score type, and the extent of artifact correction (e.g., studies that corrected for
reliability in one variable but not the other versus studies that reported for measurement error in
all variables). Major categories are detailed in Table 1 below.
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Table 1. List of subgroup categories and definitions
Category name

Variable

Subgroup definition

General
characteristics

Study focus

A study’s focus was defined as being about C-test research
and/or development or about other substantive research.

Report
characteristics

Peer-review
status

A study’s peer-review status was defined as being peerreviewed or non-peer-reviewed.

Publication
type

Publication type included journal articles, book chapters,
chapters in edited volumes or conference proceedings,
posters, presentation slides, abstracts or summaries,
research reports, online documents, books, and theses or
dissertations.

Funding
status

A study was coded as ‘funded’ if study author(s) reported
receiving any type of financial support, including from a
grant, graduate fellowship, or other.

Instrument
and data
reporting

Studies were coded as to whether they made their datacollection instruments and/or data available either in an
appendix or online.

Instructional
setting

Instructional setting was defined as being second language,
foreign language, bilingual, immersion, or first language.

LOTE status

Studies were coded as to whether the C-test language was
a language other than English (LOTE) or not.

Majority
language

Studies were coded as to whether the C-test language was
the majority language of the country in which the study
was carried out or not.

Institutional
level

Institutional level was defined as the institution in which
participants, who completed a C-test, were enrolled.

Proficiency
level

Proficiency level was defined as the proficiency level of
participants, as reported by the C-test researchers or study
authors.

Criterion
construct

The criterion construct was defined as being the domain of
language that C-test researchers or study authors claimed
the criterion-test scores were purported to measure.

C-test use

C-test use was defined as the type of decision made on the
basis of C-test scores; C-test use included placement,
proficiency, screening, anchor, and learning-competition
decisions.

Assumptions

Assumptions were defined as the reporting of assumptions
data are presumed to meet when doing correlation

Study setting

Participant
characteristics

C-test
repurposing

Descriptive
reporting
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Category name

Variable

Subgroup definition
analyses, including normality, linearity, outliers, and data
structure.

C-test
construction

C-test
development

C-test mode

C-test mode refers to whether a C-test was created for
paper- or computer-based testing. Computer-based
included computer-administered C-tests and computeradaptive testing.

C-test rule

C-test rule refers to the deletion strategy used by C-test
researchers, including the canonical ‘rule of two’ or some
alternate rule. The C-test rule in a study could be
“alternate” if researchers made changes to the deletion
starting point or frequency.

Blank type

Blank type was defined as the type of blank C-test
researchers used to indicate the portion of a mutilated word
that needed restoring; the blank type could involve a solid
line, a series of dashes, circles, squares, etc.

Portion

Portion was defined as the portion of a word that was
deleted; C-test researchers could delete the right-hand, lefthand, middle, upper, or lower portions of text.

Basis

Basis was defined as what C-test researchers ‘counted’ to
determine how much of a target word to delete; C-test
researchers could make deletions on the basis of letters,
syllables, characters, radicals, strokes, etc.

Superitem

Superitem was defined as how C-test researchers treated
each C-test text; C-test researchers could analyze data
based on the sum total of individual blanks or with each Ctest text as a superitem to account for dependencies among
blanks.

Scoring
method

Scoring method was defined as the system by which credit
was awarded for correctly restored blanks; C-test
researchers could award points for exact restorations,
restorations with spelling errors, restorations that were
words that were different from the original words in the
unmutilated text, or some other combination.

Score type

Score model was defined as the statistical model used to
compute scores that were used in correlational analyses; Ctest researchers could sum scores across texts, compute
factor scores from IRT and factor analytic models,
transform raw scores into z-scores, or express proportions
of correctly restored blanks in a text or texts as
percentages.
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Category name

Variable

Subgroup definition

C-test origin

C-test origin was defined as where the C-test came from;
C-test researchers could create a C-test from scratch,
directly adopt a C-test from another study, adapt a C-test
from another study, or retrieve C-test passages from item
banks.

Text selection

Text selection was defined as how C-test texts were
originally selected for inclusion in the C-test; C-test
researchers could follow their own impressions, obtain
information from raters or other experts, refer to
proficiency guidelines or skill-level descriptors, or retrieve
texts on the basis of curricular content or program level.

C-test text
order

Order was defined as how individual C-test texts were
sequenced in the C-test; C-test researchers could sequence
texts in order of increasing difficulty, in order of
decreasing difficulty, or randomly.

NS pilot

NS pilot was defined as whether or not a C-test was piloted
with native speakers of the language in which the C-test
was being developed.

NNS pilot

NNS pilot was defined as whether or not a C-test was
piloted with non-native speakers of the language in which
the C-test was being developed.
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3.4 Search Strategies
The search process I used to identify eligible studies for this meta-analysis was both
comprehensive and systematic. In this section, I address the following topics: (1) major channels
in which I searched for eligible studies, (2) keywords and search terms, (3) how non-English
studies were handled, (4) the process of determining initial study eligibility, and (5) how
unpublished studies were treated. Each of these topics is discussed in detail below.

3.4.1 Major search channels
To identify all studies that were potentially eligible for inclusion in this meta-analysis,
several major channels were searched (see Cooper, 2017, chapter 3). Major search channels
included (a) databases, registries, and citation indices; (b) the reference lists of individual studies,
(c) journal websites, (d) the online C-test bibliography, and (e) ‘other efforts.’ These five channels
were searched to be as comprehensive as possible in identifying and retrieving studies.
3.4.1.1 Databases, registries, and citation indices. The first major search channel included
databases, registries, and citation indices. The full list of databases, registries, and citation indices
searched is shown in Table 2 and was compiled in several ways. First, I looked to see how authors
of other meta-analyses in applied linguistics conducted their searches for studies; other metaanalyses included Bryfonski and McKay (2017), Norris and Ortega (2000), and Plonsky (2013),
for example. Second, Cooper (2017) provides names of databases, reference lists, bibliographies,
and those of other channels in his “Searching the Literature” chapter (chapter 3); many of the
names Cooper provides have been neglected in meta-analyses in applied linguistics to date (e.g.,
Sociological Abstracts, PapersFirst, ProceedingsFirst). Third, I also did a Google search, using
terms like “applied linguistics reference databases,” to identify ways recommended by other U.S.
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university libraries to locate studies (e.g., Emerald Intelligence + Fulltext). Fourth and finally,
three databases, including CiNii Article – National Institute of Informatics, John Benjamins ePlatform, and National Diet Library Digital Collections, came to my attention in the process of
searching for potentially relevant studies in other databases. The databases, registries, and citation
indices shown in Table 2 were all searched to identify eligible studies to include in this metaanalysis.
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Table 2. Databases, registries, and citation indices searched [shorthand]
[Shorthand] Full name
[ASP] Academic Search Premier
[CiNii] CiNii Articles – National Institute of Informatics
[CMMC] Communication & Mass Media Complete
[EFT] Education Full Text
[EIF] Emerald Intelligence + Fulltext
[ERIC] Education Resources Information Center
[SCH] Google Scholar
[ING] Ingenta
[JBE-P] John Benjamin’s e-Platform
[JSTOR] JSTOR
[MLAIB] MLA International Bibliography
[MUSE] Project Muse
[NDLDC] National Diet Library Digital Collections
[OSF] Open Science Foundation
[PAPE] PapersFirst
[PRO] ProQuest Dissertations & Theses
[PROC] ProceedingsFirst
[PSYC] PsycINFO
[SAB] Sociological Abstracts
[Scopus] Scopus
[WOS] Web of Science
Note. In Google Scholar, all pages were searched, which ended up being just over 100 pages.
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3.4.1.2 Journal websites. The second search channel was academic journals. Journals were
identified in several ways. First, the list of journals under the “Journals supporting IRIS” tab of the
IRIS repository (Marsden, Mackey, & Plonsky, 2016) was searched. Second, several additional
journals were identified in Plonsky (2013, p. 664), including Language Awareness and Applied
Language Learning. Third, journal information in the reference lists of individual studies were
examined, and any additional journals in those lists were searched. The websites of those academic
journals listed in Table 3 were also thoroughly searched.
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Table 3. List of journals searched (listed alphabetically)
Journal names
3L: Language, Linguistics, Literature
Academic Journal of Kang-Ning
Accounting Education
Accounting, Auditing & Accountability Journal
Acta Koreana
Acta Linguistica Hungarica
Actualizaciones en Communicación Social
Advances in Asian Social Science (AASS)
AILA Review
Al-Lisan
American Review of Mathematics and Statistics
Annual Review of Applied Linguistics
Annual Review of Cognitive Linguistics
Annual Review of English Language Education in Japan
Annual Review of English Learning and Teaching
Aphasiology
Applied Linguistics Review
Applied Linguistics
Applied Measurement in Education
Applied Psycholinguistics
Applied Research on English Language
Arbeiten aus Anglistik und Amerikanistik
Arizona Working Papers in SLA & Teaching
Asian EFL Journal
Asian Englishes
Asian Journal of English Language Teaching
Assessment & Evaluation in Higher Education
Athen’s Journal of Education
Australian Review of Applied Linguistics
Behavior Research Methods
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Journal names
Bilingualism: Language and Cognition
Brain Sciences
British Journal of Language Teaching
Bulletin of Faculty of Education, Shizuoka University
Bulletin of the Writing Research Group
CALICO Journal
CALL: Irish Journal for Culture, Arts, Literature and Language
Canadian Journal of Applied Linguistics
Canadian Journal of Linguistics
Canadian Modern Language Review
Canadian Social Science
CATESOL Journal
CELE Journal
Child Language Teaching and Therapy
China Examinations
Chinese Language Learning
Chinese Teaching in the World
CLCS Occasional Paper
Cogent Education
Computer Assisted Language Learning
Computers in the Schools
Corpora
Delaware Papers in Linguistics
Deutsch als Fremdsprache
Dialog on Language Instruction
Digital Scholarship in the Humanities
Doshisha Studies in Language and Culture
Dutch Journal of Applied Linguistics
Edinburgh Working Papers in Applied Linguistics
Education
Education, Business and Society: Contemporary Middle Eastern Issues
Eesti Rakenduslingvistika Ühingu Aastaraamat
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Journal names
Electronic Journal of Foreign Language Teaching
Elixir Psychology
ELT Voices
English for Specific Purposes
English for Specific Purposes World
English Language & Literature Teaching
English Language and Literature Studies
English Language Teaching
English Teaching Forum
English Teaching
ESPecialist
European Journal of Applied Linguistics and TEFL
European Journal of Applied Linguistics
European Journal of Psychology of Education
European Journal of Scientific Research
European Online Journal of Natural and Social Sciences
EUROSLA Yearbook
Ferdowsi Review
Foreign Language Annals
Fremdsprachen Lehren und Lernen
French Studies Bulletin
Frontiers in Psychology
Fukuoka Women’s Junior College Studies
GEMA Online® Journal of Language Studies
He Puna Korero: Journal of Maori and Pacific Development
Higher Education of Social Science
Higher: CILT Bulletin for Language Teaching and Research in Higher Education
Hitotsubashi Journal of Commerce & Management
IATEFL Newsletter
Indian Journal of Fundamental and Applied Life Sciences
Innovation in Language Learning and Teaching
International [Iranian] Journal of Language Testing
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Journal names
International Association of Research in Foreign Language Education and Applied
Linguistics ELT Research Journal
International CLIL Research Journal
International Education Studies
International Journal for Innovation Education and Research
International Journal of Advanced Research in Management and Social Sciences
International Journal of Applied Linguistics
International Journal of Applied Linguistics & English Literature
International Journal of Assessment and Evaluation in Education
International Journal of Bilingual Education and Bilingualism
International Journal of Bilingualism
International Journal of Corpus Linguistics
International Journal of Curriculum Development and Practice
International Journal of Education Learning and Development
International Journal of Educational Investigations
International Journal of English Language Education
International Journal of English Linguistics
International Journal of Foreign Language Teaching
International Journal of Foreign Language Teaching and Research
International Journal of Humanities and Social Science
International Journal of Language Learning and Applied Linguistics World
International Journal of Language Studies
International Journal of Linguistics
International Journal of Multidisciplinary and Current Research
International Journal of Testing
International Journal of Virtual and Personal Learning Environments
International Relations: International Perspectives on Higher Education Research
International Research Journal of Applied and Basic Sciences
International Review of Applied Linguistics in Language Teaching
Internet TESL Journal
Interpreting
Iranian EFL Journal
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Journal names
Iranian Journal of Applied Linguistics
IRLT Bulletin
JALT Shiken
Japanese Language Education around the Globe
JLTA Journal
Journal of Academic and Applied Studies (JAAS)
Journal of Basic and Applied Scientific Research
Journal of Beijing International Studies University
Journal of Changchun Normal University
Journal of Cultural Science
Journal of Education
Journal of Education and Learning
Journal of Educational and Instructional Studies in the World
Journal of Educational and Social Research
Journal of Educational Measurement
Journal of Educational Thought
Journal of English for Academic Purposes
Journal of English Language Teaching and Learning
Journal of French Language Studies
Journal of Global Research in Education and Social Science
Journal of Huaihua University
Journal of Immersion and Content-based Language Education
Journal of Intelligence
Journal of Kanda University of International Studies
Journal of Language and Social Psychology
Journal of Language Teaching and Research
Journal of Linguistics Science
Journal of Pan-Pacific Association of Applied Linguistics
Journal of Professional Nursing
Journal of Psychoeducational Assessment
Journal of Psycholinguistic Research
Journal of Quantitative Linguistics
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Journal names
Journal of Research in Reading
Journal of Sagami Women’s University
Journal of Second Language Writing
Journal of Social Science & Humanities of Shiraz University
Journal of Teaching English as a Foreign Language and Literature
Journal of Teaching in Social Work
Journal of the Korea English Education Society
Journal of Tianjin Vocational Institutes
Journal of Urumqi Vocational University
Journal of Xinjiang Education Institute
Journal of Zhenjiang College
Korea TESOL Journal
Korean Journal of English Language and Linguistics
Korean Linguistics
Language Acquisition
Language and Education
Language and Linguistics Compass
Language and Sociocultural Theory
Language and Speech
Language Assessment Quarterly
Language Education Studies
Language in India
Language Laboratory
Language Learning
Language Learning & Technology
Language Learning in Higher Education
Language Learning Journal
Language Teaching
Language Teaching and Language Technology
Language Teaching Research
Language Testing
Language Testing in Asia
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Journal names
Language, Culture and Curriculum
Language, Interaction and Acquisition
Latin American Journal of Content & Language Integrated Learning
Learning and Instruction
Les Cahiers de l’Acedle
Les Cahiers de l’APLIUT
LET Journal of Central Japan
Libri & Liberi
Lingua
Linguistic Approaches to Bilingualism
Linguistic Association of Korea Journal
Linguistica Atlantica
Linguistics
Linguistics in the Netherlands
Malaysian Online Journal of Educational Sciences
Mathematics Education Research Journal
Melbourne Papers in Language Testing
Modern English Education
Modern Journal of Language Teaching Methods
Modern Language Journal
Moderne Sprachen
Musashi Daigaku Jinbun Gakkai zasshi
Neuropsychologia
Niigata Studies in Foreign Languages and Cultures
North American Journal of Psychology
PASAA
Pazhuhesh-e Zabanha-ye Khareji
Per Linguam
PLoS one
Procedia-Social and Behavioral Sciences
Psicologica: International Journal of Methodology and Experimental Psychology
Psychological Test and Assessment Modeling
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Journal names
Rasch Measurement Transactions
Reading in a Foreign Language
Reading Matrix
ReCALL
RELC Journal
Research in Applied Linguistics
Research in Language
Review of Cognitive Linguistics
Science & Technology Information
Science Education Review Letters
Second Language Research
Secondary English Education
Selected Papers on Theoretical and Applied Linguistics
Shikoku-Gakuin Daigaku Ronshu
Sign Language Studies
Social Welfare: Interdisciplinary Approach
Sociolinguistic Studies
Speech Communication
Studia Anglica Posnaniensia
Studies in Educational Evaluation
Studies in Literature and Language
Studies in Second Language Acquisition
Study Abroad Research in Second Language Acquisition and International Education
System
Teaching English Language
TEANGA: The Irish Yearbook of Applied Linguistics
TESOL International Journal
TESOL Quarterly
TESOLANZ Newsletter
Thai Journal of Development Administration
Thammasat Review
Theory and Practice in Language Studies
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Journal names
Thinking Skills and Creativity
Toegepaste Taalwetenschap in Artikelen
Transactions of the Association of Computational Linguistics
Tsukuba Journal of Applied Linguistics
US-China Foreign Language
Verbum
Vocational and Technical Education
World Journal of English Language
Writing Systems Research
Zaban-va-Adab
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3.4.1.3 C-test bibliography. The third search channel was the C-test bibliography
(Grotjahn, 2016). The C-test bibliography was most recently updated in 2016 and contains entries
for over 500 C-test studies; studies are in a number of languages, including English, French, and
German. I cross-checked study entries listed on the C-test bibliography with those I had already
obtained via other search channels (databases, journal websites, reference lists of individual
studies, etc.). Any additional studies were then retrieved or requested through inter-library loan.
The C-test bibliography was the third major channel I searched to identify eligible studies to
include in this meta-analysis.
3.4.1.4 Reference lists. The fourth major channel searched included the reference lists of
individual studies. Once all copies (both soft and hard copies) of individual studies were in hand,
I poured over their reference lists to identify any studies that I had missed via other search channels.
Any additional studies were then retrieved, and the reference lists of those newly retrieved studies
were then also searched. Reference lists were the fourth major search channel.
3.4.1.5 Other efforts. The final search channel is what I call the ‘other efforts’ search
channel; this channel involved communicating with several C-test scholars, searching through my
own personal stores of C-test studies, searching grey-literature databases, and searching via
Google. First, I emailed several C-test scholars to ask them if they knew of any C-test work that
was in progress that I could include in my meta-analysis. Several scholars were either known to
me (e.g., John Norris, Purya Baghaei, etc.) or were people whose names I had come across in my
own C-test work (McKay & Abedin, 2018). Second, studies that I had saved on my personal laptop
from my work on the Bangla C-test (McKay & Abedin, 2018) were also searched; these included
studies from the recent C-test collection, published by Peter Lang (see Norris, 2018a). Third, I
searched three grey-literature databases; these databases were the Bielefeld Academic Search
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Engine (BASE), Grey Literature Report, and Open Grey. Fourth and finally, I searched for
individual C-test studies via a Google search; in Google, all 15 pages of hits were searched. The
final search channel thus included contacting C-test scholars, going through my own stores of
studies, searching grey-literature databases, and searching via Google.
3.4.1.6 Unpublished studies. To be as comprehensive as possible, both published and
unpublished studies were eligible to be included in this dissertation meta-analysis. As I discussed
in section 3.4.1.5, I searched several sources to identify studies that were not published in more
conventional books, journals, or academic databases; these sources included grey-literature
databases, general websites, and Google. I provide more detail on each of these sources below.
3.4.1.6.1 Grey-literature databases. I searched several grey-literature databases to
identify additional C-test studies to include in this meta-analysis. The databases I searched were
OpenGrey, the Bielefield Academic Search Engine (BASE), and Grey Literature Report.
OpenGrey was already known to me from having taken a course on meta-analysis with Luke
Plonsky, but I identified the other two databases by doing a search for “grey literature database for
linguistics” on Google. These were the three grey-literature databases I searched to identify
additional, more informally published C-test studies.
3.4.1.6.2 General websites. In addition to grey-literature databases, I also searched a
number of general, language-related websites to identify additional C-test studies. I searched those
websites available under “Links” in the “Resource Center” tab at the Center for Applied
Linguistics (CAL) website. The full list of websites is given below in Table 4.
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Table 4. Websites searched from CAL “Resource Center” page
Website name
Adult Learning Resource Center (ALRC)
American Association for Applied Linguistics (AAAL)
American Association of Community Colleges (AACC)
American Association of School Administrators (AASA)
American Association of Teachers of Spanish and Portuguese (AATSP)
American Association of University Supervisors and Coordinators (AAUSC)
American Council on Education (ACE)
American Council on the Teaching of Foreign Languages (ACTFL)
American Educational Research Association (AERA)
American Federation of Teachers (AFT)
American Indian Languages Development Institute (AILDI)
American Institutes for Research (AIR)
American Library Association (ALA)
Andrew W. Mellon Foundation
Asia - Pacific Economic Cooperation (APEC)
Assessment and Evaluation Language Resource Center
Association for Computational Linguistics (ACL)
Association for Supervision and Curriculum Development (ASCD)
Association of Adult Literacy Professional Developers (AALPD)
Association of Departments of Foreign Languages (ADFL)
Association of Latino Administrators and Superintendents (ALAS)
Association of Two-Way & Dual Language Education (ATDLE)
British Council
Bureau of Census
California Association of Bilingual Education (CABE)
Carnegie Corporation of New York
Center for Advanced Language Proficiency Education and Research (CALPER)
Center for Advanced Research on Language Acquisition (CARLA)
Center for Advanced Study of Language (CASL)
Center for Applied Second Language Studies (CASLS)
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Website name
Center for Educational Resources in Culture, Language & Literacy (CERCLL)
Center for Language Education and Research (CLEAR)
Center for Languages of the Central Asian Region (CeLCAR)
Chicago Linguistic Society (CLS)
Chinese Early Language and Immersion Network (CELIN) at Asia Society
Chinese Heritage Language Education and Research Project (CHeLER)
CNA Corporation
Colorín Colorado
Commission on Adult Basic Education (COABE)
Comprehensive Technical Assistance Centers
Consumer.gov
Council for Advancement of Adult Literacy (CAAL)
Council of American Overseas Research Centers (CAORC)
Council of Chief State School Officers (CCSSO)
Department of Health and Human Services/Office of Refugee Resettlement
Diversity Learning K12
Do You Speak American?
Dual Language Education of New Mexico (DLENM)
Education Connections
Education Week
EL/Civics Online
Ethnologue
Ford Foundation
Global Language Network
Goodling Institute for Research in Family Literacy
Great Lakes East Comprehensive Center
Illinois Resource Center
Illinois TESOL/Bilingual Education (ITBE)
Institute for Ethnic Studies
Institute of International Education (IIE)
Interagency Language Roundtable
International Language Testing Association (ILTA)
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Website name
International Reading Association (IRA)
International Rescue Committee
International Society for Language Studies
IRIS - Instruments for Research into Second Language Learning: A Digital Repository
James Irvine Foundation
Joint National Committee on Languages (JNCL) & The National Council for Languages and
International Studies (NCLIS)
La Cosecha Dual Language Conference
Language Acquisition Resource Center (LARC)
Language Flagship
Language Policy Research Network (LPREN)
Linguistic Society of America (LSA)
Migration Policy Institute (MPI)
Modern Language Association (MLA)
National African Language Resource Center (NALRC)
National Assessment of Educational Progress (NAEP)
National Association for Bilingual Education (NABE)
National Association for Multicultural Education (NAME)
National Association of District Supervisors of Foreign Languages (NADSFL)
National Association of Elementary School Principals (NAESP)
National Association of Secondary School Principals (NASSP)
National Capital Language Resource Center (NCLRC)
National Center for Family Literacy (NCFL)
National Center for the Study of Adult Learning and Literacy (NCSALL)
National Clearinghouse for English Language Acquisition (NCELA)
National Council for Adult Learning (NCAL)
National Council for Languages and International Studies (NCLIS)
National Council of La Raza (NCLR)
National Council of State Directors of Adult Education (NCSDAE)
National Council of State Supervisors of Foreign Languages (NCSSFL)
National Council of Teachers of English (NCTE)
National Education Association (NEA)
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Website name
National Endowment for the Humanities (NEH)
National Foreign Language Center (NFLC)
National Foreign Language Resource Center (NFLRC)
National Heritage Language Resource Center (NHLRC)
National Literacy Coalition (NLC)
National Middle East Language Resource Center (NMELRC)
National Network for Early Language Learning (NNELL)
National Science Foundation (NSF)
Native American Language Revitalization - Linguistic Society of America (LSA)
Northeast Conference on the Teaching of Foreign Languages (NECTFL)
Office of Refugee Resettlement
Pew Hispanic Center
ProLiteracy
REEP- The Arlington Education & Employment Program
Regional Educational Laboratories (REL)
Rockefeller Foundation
SIL International
South Asia Language Resource Center (SALRC)
Spring Institute for Intercultural Learning
STARTALK
State Education Agencies – on the U.S. Department of Education Website
Teacher Magazine
Teachers of English to Speakers of Other Languages (TESOL)
The American Folklife Center – Library of Congress
The Greater Washington Association of Teachers of Foreign Languages (GWATFL)
The Society for the Study of the Indigenous Languages of the Americas (SSILA)
U.S. Department of Defense (DOD)
U.S. Department of Defense/National Security Education Program (NSEP)
U.S. Department of Education (ED)
U.S. Department of Education/ Institute of Education Sciences (IES)
U.S. Department of Education/Comprehensive Technical Assistance Centers
U.S. Department of Education/Office of Career, Technical, and Adult Education (OCTAE)
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Website name
U.S. Department of Education/Office of English Language Acquisition (OELA)
U.S. Department of Education/Regional Educational Laboratories
U.S. Department of Health and Human Services (HHS)
U.S. Department of Homeland Security (DHS)
U.S. Department of State (DOS)
U.S. Department of State, American English Program
U.S. Department of State, Bureau of Educational and Cultural Affairs, Office of English
Language Programs
U.S. Department of State/Bureau of Population, Refugees, and Migration
Westat
WestEd
WIDA Consortium

63

3.4.1.6.3 Google. The third source for unpublished literature was Google. I searched
Google in the same way that I did other databases, registries, and citation indices, using a specific
set of search terms. Instead of searching only the first couple of pages after doing a Google search,
I searched each returned entry on all 15 pages. Google was the final source for C-test studies
published more informally.

3.4.2 Search terms and search strategies
To identify potentially eligible studies to include in this dissertation meta-analysis, I used
different search terms and strategies. Search terms involved different keywords and combinations
of words, such as C-test or (“C-test” OR “C-Test” OR “c-test”). Search strategies refer to how I
searched the different material (e.g., abstracts, whole PDF studies, study summaries, tables of
content, etc.) that my searches turned up. More detail about the search terms and strategies I used
are given below.
3.4.2.1 Search terms. I used a variety of search terms to identify eligible studies to include
in this dissertation meta-analysis. The search terms I used differed, depending on the search
channel (databases, registries and citation indices; reference lists of individual studies; journal
websites; and the online C-test bibliography). Next, I briefly discuss the search terms I used by
search channel. A detailed record of search terms can be found in this meta-analysis’ “Retrieval
Tracking” Excel spreadsheet.
First, I used a range of search terms when searching for studies in databases, registries, and
citation indices. Search terms ranged from just “C-test” to a combination of search terms, such as
(“C-test” OR “C-Test” OR “c-test”) AND (“second language” OR “foreign language”). For
example, I used “C-test” in CiNii and Project Muse databases, (“C-test” OR “C-Test” OR “c-
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test”) in Open Science Framework and Emerald Intelligence + Fulltext, and (“C-test” OR “CTest” OR “c-test”) AND (“second language” OR “foreign language”) in Google Scholar and
ProQuest Dissertations & Theses. The search terms I used in this channel varied because the power
of search functions varied.
Second, I searched for studies in the reference lists of individual studies. I used two
strategies when searching for studies in reference lists, depending on the quality of the document
whose reference list I was searching. If a document was ‘searchable,’ I did a CTRL+F search for
C-test in the document and then scanned for C-test in the titles of entries in the reference list. If a
document was not searchable, I manually scanned the titles of individual entries in studies’
reference lists. In searching reference lists, I either used C-test as a search term if the document
was searchable or scanned titles of studies in reference lists.
Third, I used a variety of search terms when I searched for studies in journals. Keywords
and search terms varied from simple terms, such as “C-test” or C-test, to more complex
combinations of search terms, such as (“C-test” OR “C-Test” OR “c-test”) AND (“second
language” OR “foreign language”), depending on the number of ‘hits’ that were returned and the
power of search functions available. If there was no search function available at a journal website
or through a database, then individual volumes and issues were searched; in these cases, I did a
CTRL+F search for C-test in the full text of a document. I used a variety of search terms when
searching for studies in journals and at journal websites.
Fourth and finally, I did not use any search term in searching for studies on the C-test
bibliography. No search terms were used with the C-test bibliography since individual study
entries on the C-test bibliography were added to the bibliography precisely because they are about
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C-tests. Thus, all studies on the C-test bibliography were deemed potentially eligible for inclusion
in this dissertation meta-analysis.
3.4.2.2 Search strategies. In addition to search terms, I used several different strategies in
searching for C-test studies across search channels. More precisely, I used one of four strategies
when searching for C-test studies; these strategies include (1) no strategy (NA), (2) doing a
CTRL+F search in the full text PDF or HTML document of a study, (3) doing a CTRL+F search
for a relevant journal among a list of journals, and (4) scanning different aspects of studies or
collections of studies (e.g., titles, abstracts, summaries, tables of content, reference lists, etc.). I
explain each strategy in a bit more detail below.
The first strategy was not using a strategy (NA) at all (if this can be considered a strategy).
I did not use a search strategy for one of several reasons. First, I did not use a strategy if I could
not locate a journal’s website (e.g., English Language & Literature Teaching, International Journal
of Foreign Language Teaching, and Zaban-va-Adab). Second, I did not use a strategy if I could
not access a journal’s website, often because the whole website or just the website’s search
interface was in another language (e.g., Bulletin of Faculty of Education, Deutsch als
Fremdsprache, and Journal of the Korea English Education Society). Third, I did not use a strategy
if I could not access individual journal volumes for copyright reasons (e.g., Journal of Sagami
Women's University). Finally, I did not use a strategy if articles in a journal were available but
only for purchase (e.g., International Journal of Virtual and Personal Learning Environments). My
first strategy was not using a strategy at all.
The second strategy was doing a CTRL+F search for C-test in the full-text PDF or HTML
document of a study. If a PDF or HTML document was searchable, then I did a CTRL+F search
for C-test in the body of the document. If a document was not searchable, then I scanned the study,
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paying particularly close attention to individual entries in a study’s reference list. A CTRL+F
search for C-test was the second strategy I used to identify eligible studies.
The third strategy was doing a CTRL+F search for a relevant journal. In particular, I used
this third strategy when a search yielded results across all journals in a particular database, and
there was no way to search for studies within a specific journal. For example, my search for C-test
in the John Benjamin’s e-Platform yielded 41 hits across many of John Benjamin’s journals.
Therefore, when searching for studies within AILA Review or EUROSLA Yearbook, I had to first
search for C-test within the database as a whole and then do a CTRL+F search for entries listed in
the search results by journal. Thus, my third strategy was doing a CTRL+F search for the journal
I was interested in.
My fourth strategy involved scanning different aspects of studies or collections of studies.
Different aspects of studies or collections of studies include tables of content, titles, study
summaries, reference lists, and so on. When I was not able to do a CTRL+F search for C-test or a
relevant journal, then I manually scanned (i.e., ‘eyeballed’) whatever material was available for
me to peruse. I discuss the different aspects of studies I examined in section 3.4.4.2.2, but my
fourth strategy was doing a manual search of material.

3.4.3 Non-English study reports
Individual C-test studies that were not published in English were excluded from this
dissertation meta-analysis. There are several reasons I decided to exclude non-English study
reports, but this decision also results in several limitations. My reasons for excluding non-English
study reports and resulting limitations are discussed below.
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I chose not to include non-English studies in this dissertation meta-analysis for both time
and money’s sake. I decided to exclude non-English study reports because it was too timeconsuming to retrieve studies published in other languages when I could not read information in
the study that I would need to request it, such as the author name(s) and journal title. I also decided
to exclude non-English study reports because I did not have the resources available to potentially
code studies (e.g., people who could read studies in different languages, money to pay people to
code, etc.) published in other languages. For these reasons, non-English study reports were
excluded from this meta-analysis.
Despite my reasons for deciding to exclude non-English study reports, the decision to
exclude them also results in several limitations for this meta-analysis. Namely, by not including
information from C-test studies published in other languages, such as the many German C-test
studies available at Grotjahn’s (2016) online C-test bibliography, the extent to which I can
generalize any interpretations on the basis of the results of this meta-analysis is restricted. For
example, it could be that those studies published in German at the C-test bibliography contain a
great deal more information about the development of German C-tests than do studies published
in English that were included in this meta-analysis; therefore, claims that certain results are
applicable across C-test languages are weakened. To give another example, it could also be that
those studies published in German at the C-test bibliography contain more information about Ctests whose scores were used to inform placement decisions, and studies in this meta-analysis
contain information about C-tests whose scores were used to inform screening decisions; in this
case, any claims that C-test scores are perhaps best used to inform screening—and not placement—
decisions are weakened. Therefore, my decision to exclude non-English studies has its
repercussions.
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3.4.4 Determining study eligibility
There were two major stages to identifying potentially eligible studies to include in this
dissertation meta-analysis. Specifically, these two stages were (1) an eligibility-screening phase
and (2) a preliminary-screening phase (see Turner et al., 2018). In what follows, I discuss (a)
aspects of studies that were examined at each stage, (b) the number and qualification of ‘relevance
judges’ at each stage, and (c) indication of agreement and how disagreements were resolved in the
preliminary screening stage. I have made all the materials—including the data—available at my
personal website (McKay, 2016).
3.4.4.1 Eligibility-screening stage. The first stage in determining potentially eligible
studies was the eligibility-screening stage. The purpose of the eligibility-screening stage was
straightforward—to grab any study that could be relevant for inclusion without screening
according to any particular set of criteria. The only criterion at the eligibility-screening stage was
that the term C-test was available anywhere in the body of the text. Eligibility screening involved
looking at various aspects of studies, and I was the only ‘relevance judge’ at this initial stage of
the meta-analysis. Aspects of studies examined and more about my own qualifications are
discussed next.
Different aspects of studies were examined at this first stage of screening. Aspects that I
examined depended largely on the channel that I was searching at the time (this information is
related to section 3.4.2 but is reiterated here for clarity’s sake) and whether or not it was readily
apparent that the term C-test was anywhere in the full text of a study. First, if the term C-test
appeared anywhere in the title or abstract of a study, then the full study was immediately retrieved
for preliminary screening. Second, if the term C-test did not appear in the title or abstract of a study
but was returned in a search, and if that study seemed to be about language education or use in
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some way, then the full text of the study was searched to see if the term C-test appeared anywhere
in the text; if the term C-test was present anywhere in the full text, then the study was retrieved for
preliminary screening. Third, if a study seemed to be about language education but the full text of
a study was not available (e.g., as a link to a PDF document via Google Scholar), then the study
was requested through interlibrary loan. Once I received the study through interlibrary loan, I
scanned its full text to see if the term C-test was anywhere in it. If C-test was in the text, I retained
the study for preliminary screening; if C-test was not present (e.g., a search returned a study with
PEP-C Test7 or (c) test), then the study was not retained for preliminary screening. In a handful of
cases, only a table of contents was available to search (e.g., Thammasat Review); in these cases,
if the study seemed to be about language education, it was requested through interlibrary loan, and
then I searched the full text for C-test. These were the different aspects of studies that I examined,
and what I could examine depended on the search channel and how apparent it was that C-test was
somewhere in the text.
At the eligibility-screening stage, there was only one ‘relevance judge.’ At this early stage,
I was the only judge for two reasons. First, the scope of my search was intentionally broad so as
to retrieve every potentially eligible study. With such a broad search scope, chances are good that
I did not miss any studies because any study with C-test in it was retrieved; this could be done by
one person. Second, though many meta-analysts prefer using reference-management software (see
Lorenzetti & Ghali, 2013), there are many times during the course of a study search that
information found cannot be easily imported into reference-management software, and so the
searcher is left to enter reference information into the software, manually. Additionally, any
scholar knows that citation information stored (e.g., in Google or Google Scholar) is often poorly

7

I learned a lot about hepatitis-screening tests in the process of searching for studies.

70

formatted, missing information, formatted differently across search channels, or just wrong; in
these cases, the searcher has to spend time formatting reference entries anyway. Instead of using
reference-management software, I kept a detailed search log, using FileMaker Pro 17 (henceforth,
just FileMaker) and Excel, and formatted reference entries according to APA formatting guidelines
as I went along; though more painstaking, I thought this process would save me time in the long
run. I did not have the resources to pay another person to search for studies and retrieve them in
this manner, so I did it myself. For these reasons, I was the only ‘relevance judge’ during the
eligibility-screening stage.
3.4.4.2 Preliminary-screening stage. The second stage in determining potentially eligible
studies was the preliminary-screening stage. The purpose of the preliminary-screening stage was
to filter out studies from the eligibility-screening stage that did not meet certain inclusion criteria
for this dissertation meta-analysis. In this section, I discuss the preliminary-screening criteria,
aspects of studies that were examined, the ‘relevance judges’ and our qualifications, indication of
agreement and how we resolved disagreements, and the software we used to keep record of our
screening decisions.
3.4.4.2.1 Preliminary-screening criteria. Studies that passed the eligibility-screening
stage were reviewed on several criteria. In order for a study to pass the preliminary-screening
stage, it had to meet criteria on language, domain, study type, C-test use, and data. The language
criterion refers to whether or not the study was published in English (so that I could read it). The
domain criterion refers to whether or not a study was about language education. The study type
criterion was used to identify studies that were empirical in nature, as opposed to thought pieces,
reviews, or observational studies. The C-test use criterion refers to whether or not the researchers
in a study actually used a C-test at some point, as opposed to just referring to a prior study that

71

used a C-test, for example. Finally, the data criterion refers to whether or not C-test scores were
correlated with scores on some other measure. These five criteria and their associated questions
are shown below in Table 5.
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Table 5. Preliminary-screening criteria and questions
Criterion

Criterion question

Language

“Is the study published in English?”

Domain

“Is the study about language education?”

Study type

“Is this an empirical study?”

C-test use

“Was a C-test actually used?”

Data

“Were C-test scores correlated with something else?”
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3.4.4.2.2 Aspects of studies examined. Unlike aspects of studies examined in the
eligibility-screening phase, only one aspect of studies was examined at the preliminary stage.
Specifically, the full text (PDF or HTML) of studies was examined at this preliminary stage.
Frequently, relevant information cannot be found out about a study by just reading the study’s title
and abstract; therefore, for the sake of thoroughness, the full study text was examined at this stage.
3.4.4.2.3 Preliminary relevance judges. There were three relevance judges involved in
the preliminary-screening stage. The judges were myself (Coder 1) and two of my colleagues,
Coder 2 and Coder 3. As for our qualifications, I have done some work with C-tests in the past
(see McKay & Abedin, 2018), during my tenure as a research assistant with Georgetown
University’s Assessment and Evaluation Language Resource Center (AELRC); at the time of
screening and coding studies for this meta-analysis, Coders 2 and 3, both advanced Ph.D. students
in applied linguistics, were also research assistants for the AELRC. One of Coder 2’s areas of
expertise is research design and methodology, and Coder 3 specializes in pragmatics development,
instruction, and assessment. Because we were screening studies based on certain criteria (and,
honestly, because there were so many of them), there was more room for error at this stage of the
meta-analysis, meriting additional help with the screening process. Between myself, Coder 2, and
Coder 3, all studies were double coded or pre-screened.
3.4.4.2.4 Indication of agreement and resolving disagreements. Agreeing and the
process of resolving disagreements during the preliminary-screening stage involved multiple steps.
First, when screening studies, judges had to make one of three decisions for each study being
reviewed: 1 = “Include,” 0 = “Exclude,” or 3 = “Not sure!” Second, agreement was determined by
calculating Cohen’s kappa (κ) between the ratings of the judges; Cohen’s κ was appropriate for
these data because decisions were categorical, the same judges were making decisions about the
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same studies, and our decisions were independent of one another. Furthermore, Cohen’s κ is a
better indicator of the extent to which my ratings were similar to Coder 2’s and Coder 3’s because
the statistic takes into account the fact that we may make the same decision about a study by
chance. Third, for those studies we disagreed on, we met to review our screening decisions, discuss
them, examine studies more closely, and agree on a final screening decision. After discussing
disagreements, agreement analyses were re-run. Through these steps, we decided which studies to
include and exclude from the meta-analysis.
3.4.4.2.5 Preliminary-stage software. Three different software were used during the
preliminary-screening stage: FileMaker Pro 17, Excel, and R. FileMaker Pro Cloud was used to
create a screening app for multiple purposes: it hosted the set of studies retrieved from the
eligibility-screening stage, judges read preliminary-screening questions (see Table 5) and entered
their decisions about studies on the app, and multiple judges could access the app, simultaneously.
Excel was used to store data after preliminary-screening decisions were made about studies;
additionally, data from the Excel file was read into R. Finally, R was used to read in data from the
Excel file and calculate Cohen’s κ; syntax from R is openly available (along with the raw screening
data) so that others can re-run the analyses being reported in this dissertation.

3.4.5 Time period of study reports
Any C-test study produced between 1981 to the beginning of June 2018 was included in
this meta-analysis. The year 1981 is the start of the inclusion time period since 1981 is when KleinBraley (1981) first devised the C-test as a part of her dissertation work. June 8, 2018 is the end of
the inclusion time period, Additional C-test work has probably been done since June 2018, and so
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I would encourage people to download the raw data from this study and add information from
studies published after June 2018 to the raw data for re-analysis.

3.5 Coding Procedures
In addition to eligibility- and preliminary-screening phases, there was a main study-coding
phase. In this section, I detail aspects of the main study-coding phase; in particular, I discuss (1)
the number and qualifications of coders, (2) coding training procedures, (3) the coding form (or
‘app’) that was used for coding, and (4) how we handled missing data. Each of these aspects of the
main study-coding phase are laid out below.

3.5.1 Number and qualifications of coders
Five qualified coders were involved in coding studies for the main study-coding phase.
Coders were myself, the two relevance judges from the preliminary-screening stage (Coders 2 and
3), and two additional coders, Coder 4 and 5. For our qualifications, see section 3.4.4.2.3. At the
time of writing this dissertation, Coders 4 and 5 were research assistants for the AELRC and
doctoral students in the Department of Linguistics at Georgetown University. Coders 4 and 5 had
worked for years as research assistants for the AELRC, involved in multiple language-testingrelated projects (for additional information regarding AELRC projects, please visit the AELRC’s
website at aelrc.georgetown.edu).

3.5.2 Coding training procedures
Multiple steps were taken to help ensure that data was extracted from studies both
consistently and accurately by all four coders. In particular, steps involved (a) practice coding, (b)
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setting up an informal forum for questions, (c) meeting on a bi-weekly basis, and (d) assessing
inter-coder agreement and reliability (Wilson, 2009). I discuss each of these three steps in detail
next.
3.5.2.1 Practice coding. I adopted Stock’s (1994) eight-step training procedure to train
coders; however, several modifications were made to the procedure in the course of the coder
training. The eight steps in Stock’s (1994) training procedure are reproduced below (see Wilson,
2009). I then briefly discuss some of the modifications that we made to the training procedure.
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Table 6. Modified steps in Stock’s (1994) coder training procedure
Steps

Description

Step 1

Provide an overview of the meta-analysis

Step 2

Describe (and discuss) each item on the coding form

Step 3

Describe how to use the coding form (for multiple samples, comparisons, etc.)

Step 4

Code a sample of five studies independently to pilot the coding form8

Step 5

Code an entire study together9

Step 6

Compare coding forms and discuss any discrepancies in coding

Step 7

Revise coding form as needed

Step 8

Continue coding studies until a consensus is achieved

8

The five studies were Daller and Phelan (2006), Dörnyei and Katona (1992), Lee-Ellis (2009), Lundell and
Lindqvist (2014b), and Mozgalina and Ryshina-Pankova (2015); I chose these five studies because I thought they
would be good ‘test studies’ for the coding form.
9
The one study we tried to code together was Janebi Enayat and Babaii (2018).
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Three modifications were made to the above steps in the training procedure. First, because
we were not able to complete all steps in the training in a single sitting, we met on multiple
occasions, both in person and via Zoom. We accomplished Steps 1–3 at a meeting in the
Department of Linguistics at Georgetown University, but all remaining steps were carried out
either independently (e.g., coding five studies together to pilot the coding form) or via Zoom (e.g.,
coding an entire study together and discussing discrepancies in coding). Second, due largely to
some interesting group dynamics, we were unable to code an entire study together during one
Zoom meeting, and all coders agreed that it would be better to code the one study independently,
again, and touch base if anyone had questions. Third, the fourth and fifth coders on the team joined
the project several months after the main study-coding stage had been underway, and so all steps
in the training procedure were carried out separately between myself and Coders 4 and 5. Coders
4 and 5 and I did not co-code a study together (Step 5); this step was omitted. These were the only
three modifications we made to the training procedure.
3.5.2.2 Setting up an informal forum for questions. We, the coding team, set up an informal
forum for questions and concerns during the main study-coding phase. The informal forum first
consisted of a Google Doc but then later became email. The Google Doc was used a lot when the
team first started to code studies (see Google Doc at McKay, 2016), but, as coders became
increasingly familiar with the coding form, the Google Doc stopped being used. Later on, the
coding team decided that it would be more convenient to send the occasional question or comment
via email instead of accessing the Google Doc. Thus, the ‘informal forum’ used in the main studycoding stage consisted of both a Google Doc and email.
3.5.2.3 Meeting on a bi-weekly basis. After finishing the coder-training steps, we
established a bi-weekly meeting time. The entire coding team (with the exception of Coders 4 and
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5, who joined later on) met every other Tuesday at 2:00pm. Meetings were first held in person but,
closer to the Fall 2018 winter holidays, meetings took place via Zoom since coders were traveling.
The purpose of the meetings was to discuss any questions, highlight changes to the coding form,
and just touch base, generally. Meetings typically lasted no more than 30 minutes. Meeting on a
bi-weekly basis was an additional step to ensure coding was done consistently and accurately
across all coders.
3.5.2.4 Assessing inter-coder agreement and reliability. Inter-coder agreement and
reliability involved multiple steps. Steps included double-coding all studies (k = 239), calculating
inter-coder agreement and reliability statistics, and meeting to resolve disagreements about study
information that was coded differently. Each of these steps is discussed below.
3.5.2.4.1 Double-coding studies. First, all studies in the main study-coding phase were
double-coded. I coded all studies (k = 239), and studies were divided among the other three coders.
At first, Coders 2 and 3 were each given 150 and 151 studies to code, but, when Coders 4 and 5
joined the coding team later on, they were each given 30 studies to code—30 studies from Coder
2’s set of studies and 30 from Coder 3’s. To start, I randomized all 239 studies in Excel, sorting
by values produced using the =RAND() function; one half of the randomized set was given to
Coder 2, and the remaining half was given to Coder 3. While these halves of studies were
randomized for Coder 2 and 3, Coders 4 and 5 were given the last 30 studies from Coder 2’s and
3’s lists since they had already started coding when Coders 4 and 5 joined the team. Though
double-coding is more time-consuming than, say, coding a random 20% of studies, given the sheer
number of high- and low-inference items in the coding form, double-coding was the best way to
ensure studies were coded consistently and accurately.10

10

I owe an Everest-sized mountain of thanks to the AELRC for being so supportive of this meta-analysis and
encouraging multiple people from the AELRC team to help with the coding process.
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3.5.2.4.2 Inter-coder agreement and reliability statistics. Second, I ran inter-coder
agreement and reliability analyses on the double-coded data. By running both agreement and
reliability analyses, I could determine the extent to which coders agreed and disagreed on how to
code information across studies. While simple agreement information is helpful to know, the fact
is that coders may still have agreed on how to code information for a particular coding-form item
by chance. Therefore, Cohen’s κ was calculated for some forced-choice, double-coded data.
Maxwell’s RE was computed for binary items. Detailed information about item codes included in
the analysis—in addition to raw data files and syntax—can be found at McKay, 2016. In addition
to double-coding all studies, I ran inter-coder agreement and reliability analyses to determine the
extent to which information was coded consistently and accurately across studies by all coders.
3.5.2.4.3 Resolving disagreements. Finally, the last step involved meeting to resolve
disagreements about codes. After all studies had been coded, all coders were asked to quickly
review the studies in the set they were responsible for coding to ensure study information was
coded as accurately as possible. After running inter-coder agreement and reliability statistics, I
flagged items for which there were disagreements about information in a particular study. I kept
information about disagreement items for each study for each coder in an Excel spreadsheet (see
McKay, 2016). Once all disagreement information was compiled in the Excel spreadsheet, I
scheduled a one-on-one meeting with each coder to discuss sources of disagreement for studies in
their coding set. We discussed disagreements, revisiting studies as needed, and came to a
consensus. In this way, disagreements were resolved between the studies I coded and those coded
by each coder on the team.
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3.5.3 The coding form (or ‘app’)
The study team used a FileMaker ‘app’ to keep track of meta-analytic data for several
reasons. We used a FileMaker app in order to create a hierarchical spreadsheet of the data,
minimize data-entry error, and allow for multiple coders to code studies simultaneously. These
reasons are discussed in more detail below. A copy of the FileMaker app used in this study (and
screenshots of pages within the app for those who do not have access to FileMaker) can be found
at McKay, 2016.
First, a FileMaker app can be designed easily to create a hierarchical spreadsheet to
organize data that is nested within studies. Nestings can occur in several ways in studies. For
example, for a meta-analysis of correlation coefficients, a single study might run (a) multiple,
separate correlations on the scores of one group of students (e.g., correlating scores on C-test A
with cloze A and C-test B with cloze B), (b) multiple correlations on scores for different groups
of students (e.g., correlating English C-test scores with TOEFL scores for both undergraduate and
master’s students), or (c) run correlations for varying numbers of variables (e.g., correlating scores
on different versions of C-tests with scores on the same cloze-elide test or correlating scores on a
single C-test with scores on the each subtest of the TOEFL iBT®). The FileMaker app helped us
keep track of the number of comparisons, samples, and variables in a single study because it creates
a hierarchical data sheet.
Second, the FileMaker app helped us to minimize simple data-entry error or mistakes. In
working with a flat-file Excel spreadsheet (an alternative to a hierarchical one), coders might
accidentally hit the “L” key on their keyboard and overwrite the information in a cell, or they might
enter data for a study in the row for another study. These mistakes might be more likely in working
with an Excel spreadsheet that has dozens of columns for separate variables because the
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spreadsheet becomes very long and clunky or because it can be challenging to stare at a network
of cells for an extended period of time. The FileMaker app helped to minimize data-entry errors
because information for a single study was its own ‘entry’ and information for separate groups of
variables (report items, effect-size items, descriptive statistics items, C-test construction and
development items, etc.) were grouped in separate, tabbed sheets. To make coding ‘easier on the
eyes’ and to reduce our mistakes, we used a FileMaker app.
Third and finally, the FileMaker app was used because it allowed multiple coders to code
studies simultaneously, using whatever device they wanted. The FileMaker app was hosted on an
Amazon Web Service server, which could be accessed by any member of the study team from any
device at any time. There were additional benefits to hosting the FileMaker app online, too; data
was automatically backed up online, there was no risk of coders overwriting each other’s
information or overwriting newer and older versions of the app, and I could make changes to the
app and have those changes appear instantaneously for all coders without overwriting information
from studies that had already been coded. The FileMaker app was a real asset to all members of
the coding team for these reasons.

3.5.4 Handling missing data
Missing data can be very problematic in any meta-analysis. In this section, I discuss the
nature of missing data at the main study-coding phase, how the study team handled information
that was missing from primary studies during study coding, and how studies with missing data
were treated during the meta-analysis.
3.5.4.1 Missing data during main study-coding phase. The nature of missing data at the
main study-coding phase was one of two types. First, data was often missing in primary studies
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because authors either neglected or failed to report information that we aimed to code in the main
study-coding phase. Sometimes authors neglected to mention how they dealt with scores that were
used in a correlational analysis; in other words, it was not always clear if C-test scores were
percentages, summed scores, standardized scores, such as z-scores, or factor scores. Sometimes
authors altogether failed to report certain key statistical information, often due to the outcomes of
statistical tests; in other words, if the result of a Pearson correlation was not statistically significant
at p < .05, then authors said so and did not report the actual correlation coefficient. Second, data
was often missing because researchers adopted an entire C-test or individual C-test passages from
another study; in these cases, authors often referred the reader to the study from which they
borrowed the C-test or stated that the C-test was a ‘reliable’ and ‘valid’ measure of general
language proficiency and then went about their day. In summary, authors of C-test studies
sometimes simply neglected to mention certain information in their study, but, at other times, they
altogether failed to report key statistics.
3.5.4.2 Steps to obtain missing information during main study-coding phase. The study
team took several steps to obtain missing information from primary studies during the main studycoding phase. First, if authors failed to report a correlation coefficient—but they said they ran a
correlation in their study between C-test scores and scores on some other measure—then coders
typed the corresponding author’s email address in the FileMaker app, and I emailed corresponding
authors to request their effect-size information. Second, if authors adopted (or adapted) a C-test
from another study, then coders referred to the study from which they adopted the C-test to
document whatever information they could about the C-test in the adopting study. By referring to
the study from which the C-test was adopted, coders could often learn how many passages were
in the C-test, whether or not the canonical C-test deletion rule was followed, and other information
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about C-test construction and development. Third, if a C-test was adopted from another study, but
no information about the C-test was available in either study—but effect-size information was
reported—then, again, I emailed study authors to request information about their C-test. These
were the steps we took to obtain information that authors neglected or failed to report in primary
studies.
3.5.4.3 Missing data during the meta-analysis. I applied several techniques to examine the
nature and extent of bias that may have resulted from missing data when the data were metaanalyzed. Always, I tried to be as conservative as possible in meta-analyzing data to reduce type I
error and used multiple techniques to examine the nature and extent of bias in order to triangulate
my interpretations of effects. First, I used funnel plots (see Light & Pillemer, 1984; Sterne, Becker,
& Egger, 2005) to investigate the existence and extent of publication (and other) bias in smallstudy effects present in the domain of studies being meta-analyzed. Second, I created forest plots
in which study effects and their 95% confidence intervals were arranged in order of decreasing
sample size (see Borenstein et al., 2013, chapter 30). By examining effects arranged in this way, I
can see if studies that reported large effects computed from scores with small test-taker samples
were more frequently published since these effects will cluster closer to r = .99. If study effects
cluster closer to r = .99, then it is possible studies that reported small effects based on small samples
of test-takers’ scores were excluded. Third, I also examined the relationship between study effects
and publication year to see if there is an evolution in the field’s preference for larger effects (or
not) over time; if, for example, there is a positive correlation between magnitude of study effect
and publication year, then it is possible studies that reported smaller effects were excluded due to
a changing preference for larger effects (see Trikalinos & Ioannidis, 2005).
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3.6 Statistical Methods
In this section, I lay out the different statistical methods that we used to analyze data that
we coded in the main study-coding phase. In particular, in this section, we discuss the effect-size
metrics that we were interested in, how we went about averaging effect sizes across groups of
studies, how credibility and confidence intervals were calculated for effect sizes (including
reliability estimates), what decisions we made if a study reported multiple effect sizes, the models
we used to analyze data, how we considered and dealt with heterogeneity in the distribution of
effect sizes, how we tested for study outliers, and the programs and software packages that we
used.

3.6.1 Effect-size metrics
The effect-size metrics we coded in this meta-analysis were correlation coefficients across
individual C-test studies. Because a major goal of this dissertation is to shed light on the construct
validity of C-tests by examining relationships between scores on C-tests and scores on other
measures of language ability, we needed to code studies for coefficients of correlation between
sets of scores. However, not all correlational analyses are the same, and there is an important
distinction between correlations between measured variables and correlations between latentvariable measures. In this section, I discuss distinctions between measured- and latent-variable
information that was coded for, correlational analyses (effect-size metrics), and corrections that
were made to effect sizes to account for various measurement artifacts.
3.6.1.1 Distinctions between measured- and latent-variable information. In the process of
coding correlation coefficients, we made sure to code for correlations between scores on measured
and latent variables. An example of a measured variable would be a rating of an oral interview
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performance on a scale of 1–10; scores on measured variables do not directly quantify how much
of a latent trait or ability a student has but rather they quantify performances on certain tasks.
However, an example of a latent-variable score would be a factor score from a principal
components (PCA) or item-response-theory (IRT) analysis; to compute latent-variable scores,
factor analytic and item-response models are used to predict how much of a latent trait a student
would need in order to exhibit a certain pattern of scores or responses on a given set of items.
These models are used to compute scores for students on a particular trait or latent variable and
not to score performances. To capture this distinction, we made sure to code for information across
individual studies that indicated how scores were treated, such as by coding if researchers
correlated summed scores or factor scores on measures.
3.6.1.2 Correlational analyses (effect-size metrics). In the main study-coding phase, we
coded for the type of correlational analysis used by researchers. The different analyses we coded
for included Pearson’s product–moment correlation (r), Spearman’s rank–order correlation,
structural equation modeling (SEM) latent correlation, PCA or exploratory factor-analytic
correlation, and point-biserial correlation. We needed to code for the different analyses for multiple
reasons. For one, Spearman’s rank–order correlation is more appropriate for data that do not meet
certain assumptions (e.g., normality of distribution). For another, all things being equal, correlation
coefficients that result from a point-biserial correlation are weaker than coefficients that result
from analyses of continuous data (e.g., Pearson’s r) due to the dichotomization of either the
independent or dependent variable (see Schmidt & Hunter, 2015). Therefore, aggregating
coefficients from both Pearson’s r and point-biserial correlations would yield a less trustworthy
picture of the actual or true correlation of interest. Thus, we coded for different correlational
analyses in the main study-coding phase.
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3.6.1.3 Corrections applied to effect sizes. Several different corrections were applied to
effect sizes before they were aggregated in the meta-analysis. Because some of the reliability
coefficients being coded for in this meta-analysis can be conceptualized as a ratio of some
component of observed variance to total observed variance (e.g., coefficient α, KR-20, etc.), they
are similar to r2 or eta2, and I discuss them here with effect sizes (see Thompson, 2003a). We
corrected for the following measurement artifacts: number of items in reliability estimates,
sampling error, measurement error in dependent and independent variables, dichotomization of
continuous dependent or independent variables, and range variation in dependent or independent
variables. I briefly discuss these corrections below (see Schmidt & Hunter, 2015).
3.6.1.3.1 Number of items in reliability estimates. The first correction we applied was to
reliability estimates to account for different numbers of items in dependent and independent
variable measures. All things being equal, the more items in a test or instrument, the greater the
reliability estimate will be for some methods of estimating reliability (e.g., coefficient α, KR-20,
etc.). Because a ‘typical’ C-test is comprised of a total of 100 blanks, observed reliability estimates
that were calculated based on greater or fewer blanks were adjusted with the Spearman–Brown
formula in order to make all reliability estimates comparable. Adjusting reliability estimates for
item counts is important because reliability attenuates observed correlation coefficients. We
adjusted all reported reliability estimates across individual C-test studies.
3.6.1.3.2 Sampling error. The second correction we applied was to account for sampling
error in the sample of individual C-test studies included in the meta-analysis. In any given study,
an observed correlation is based on scores obtained from a specific sample of individuals; these
people took tests at a particular time, in a particular setting, with certain thoughts running through
their heads, and all of these factors combine to yield a particular set of scores (with error). Another
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study with another (or the same) sample will yield yet another sample correlation. Given enough
studies that carry out correlational analyses to address a certain phenomenon of interest, the group
of sample correlations will create a distribution of correlations that will cluster around a true,
population correlation. Due to differences in time of testing, setting, and thoughts (among many
other things), sample correlations will vary about the population correlation, and some sampling
error associated with each sample correlation will vary randomly. Therefore, some differences
across sample correlations will vary simply due to sampling error. However, some variation may
be due to other factors (e.g., subgroup variables) on top of sampling error. Before we can examine
the extent to which variation across correlations is due to potential subgroup variables, we first
have to examine observed variance and dispersion in sample correlations by eliminating variance
due to sampling error by analyzing data with a random-effects models.
3.6.1.3.3 Measurement error in dependent and independent variables. The third
correction was done to account for measurement error in dependent and independent variables.
Because reliability attenuates observed correlation coefficients, any interpretation of “observed
effects requires an assessment of the reliability of the scores” (Wilkinson & APA Task Force on
Statistical Inference, 1999). Therefore, for C-test studies that reported reliability estimates for their
C-test and criterion measure(s), these estimates were used to disattenuate the observed correlation,
provided estimates for both sets of scores were provided. Once observed correlations were
disattenuated for measurement error, correlation coefficients were aggregated. Study effects were
aggregated separately across studies that reported reliability estimates for (a) both measures, (b) a
single measure (either for the C-test scores or criterion scores), or (c) none of the measures.
Additionally, whenever possible, observed correlations were disattenuated using estimates from
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similar reliability estimation methods so as not to confound different sources of measurement error
(e.g., time, random response error, etc.).
3.6.1.3.4 Measurement error from dichotomizing variables. The fourth correction was
done to account for continuous data in C-test studies that were used to create a dichotomous
variable at a later point in the study (Schmidt & Hunter, 2015). For example, if researchers use
scores on a speaking test to group students into ‘highly fluent’ and ‘not-so-fluent’ learners and
then correlate participation in a fluency group with C-test scores (a point-biserial correlation), then
the dichotomization of scores on the speaking-test measure will attenuate the observed correlation
by a certain factor. If authors in individual C-test studies reported using continuous scores to create
a dichotomously scored variable, then we corrected for error in the observed correlation that
resulted from the dichotomization.
3.6.1.3.5 Correcting for range variation. The final correction we applied to effect sizes
was done to account for range variation in either the dependent or independent variable. Schmidt
and Hunter (2015) note that correlation coefficients “are directly comparable across studies only
if they are computed on samples from populations with the same standard deviation on the
independent variable” (p. 39). Changes in the variance of scores (and thus to standard deviations)
can happen when a C-test researcher uses scores not from a whole group of students but from the
lowest (i.e., ‘low proficiency’) and highest (i.e., ‘high proficiency’) scoring students; using C-test
scores from these two groups will artificially enhance variation in scores. Conversely, variation in
scores can be restricted when C-test researchers only use scores from students with no prior
language-learning experience, for example. When authors reported the standard deviation or
variance for a group of C-test–takers before varying score range, we used this information from
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the original group to estimate the correlation without error due to range restriction or enhancement.
Correcting for range variation was the final correction we applied to effect sizes.

3.6.2 Averaging effect sizes
In this dissertation meta-analysis, several different criteria were taken into account when
averaging correlation coefficients. Specifically, criteria included the nature of the scores that were
correlated, study artifacts, and the actual correlational analysis that was carried out. I discuss this
information below.
3.6.2.1 The nature of scores correlated. At a first level of meta-analysis, we considered the
nature of the correlations that were carried out in primary studies. We aggregated two sets of
correlation coefficients: the set of coefficients reported for correlations between observed scores
and the set of coefficients reported for correlations between latent-variable measures. Because I
discussed this distinction in the previous section, I do not discuss it in much additional detail here.
However, recall that observed-variable scores are scores of performances, and the nature of the
performance is regarded as an operational variable of a construct of interest; on the other hand,
latent-variable scores are not performance scores but are scores on a latent trait or construct. Thus,
because the nature of scores used in correlational analyses differed, they were aggregated
separately in this meta-analysis.
3.6.2.2 Study artifacts. At a second level of meta-analysis, data were meta-analyzed
according to the extent that study artifacts could be corrected. We conducted a ‘bare-bones’ metaanalysis of coefficients, which involved meta-analyzing data without correcting study artifacts,
and we meta-analyzed sets of study effects that were differentially corrected for error (see Schmidt
& Hunter, 2015, chapter 5). The ‘bare-bones’ meta-analysis involved not making any corrections
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to study data; this was the ‘no-correction’ dataset. Corrected meta-analyses involved a fullcorrection, C-test–correction, and a criterion-correction dataset. The full-correction dataset
involved a meta-analysis of effects in which study authors corrected for measurement error in Ctest scores, measurement error in criterion scores, and attenuation in correlation coefficients. Ctest– and criterion-correction datasets were those in which study authors corrected for
measurement error in just one of the two sets of scores, and then observed correlation coefficients
were corrected for attenuation. Within each level of correction, effects were also grouped by the
type of correlational analyses and the nature of scores that were used in correlation analyses.
3.6.2.3 The type of correlational analysis. At a final level of analysis, we had to consider
the type of correlation analysis that was done in primary studies. In the main study-coding phase,
we coded for different correlational analyses, including Pearson’s r, the Spearman rank–order
correlation, different latent-variable correlations, and the point-biserial correlation. We averaged
coefficients by correlational analysis, and we did so for several reasons. First, most people
understand that Pearson’s r and Spearman’s rank–order correlation require scores to meet different
assumptions before they are used; given these different expectations in data integrity, coefficients
were aggregated by type of analysis. Second, point-biserial correlations have larger standard errors
than Pearson’s r, and so including them in a meta-analysis of all coefficients—regardless of
correlational analysis—would serve only to depress the ‘grand correlation’ (Schmidt & Hunter,
2015, chapter 5, p. 22). For these reasons, we considered the type of correlational analysis used on
C-test and criterion scores in individual C-test studies.
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3.6.3 How effect-size confidence intervals (or SEs) were calculated
We calculated both credibility and confidence intervals (CIs) in this meta-analysis. The
credibility interval was calculated for the ‘grand correlation,’ and CIs were calculated for the
correlation coefficients reported in individual C-test studies. In the bare-bones meta-analysis, we
calculated the CIs for the individual study coefficients after correcting for only measurement error.
In the meta-analysis in which individual study coefficients are corrected for other study artifacts,
we calculated the CIs about coefficients after correcting for measurement artifacts. The formula
used to calculate the credibility interval around the grand correlation is ρ ± 1.96(SDρ), where SDρ
is the standard deviation of the grand correlation. The formula for confidence intervals about
individual study coefficients—both corrected and uncorrected—is r ± 1.96(SEr); the SEr for
corrected and uncorrected coefficients is SDr/√k, where k is the usual number of studies. We
calculated both credibility and confidence intervals in this meta-analysis.

3.6.4 Multiple effect sizes
There are different ways of dealing with studies that report multiple effect sizes. Bear in
mind that, in this meta-analysis, the number of effect sizes corresponds to the number of
comparisons being made in any one study. In this section, I discuss how we dealt with multiple
effect sizes when there were global and component comparisons, totally separate comparisons,
multiple comparisons with a same either dependent or independent variable, repeat (within-group)
administrations, and multiple samples or subsamples.
3.6.4.1 Global vs. component comparisons. A study could report a correlation for global
and component measure scores with C-test scores. If a study reported a coefficient for a correlation
between scores on a C-test and scores on both a global measure (e.g., a departmental placement
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test) and a component of that same global measure (e.g., the listening section of the departmental
placement test), then we coded for both effects, but effects were aggregated separately, depending
on the analysis being performed (e.g., an analysis of all coefficients between the C-test and the
department placement test vs. a moderator analysis looking at just coefficients between C-test
scores and scores on listening tests).
3.6.4.2 Separate comparisons. A study could also report a correlation for totally separate
comparisons. If a study reported two coefficients for two entirely separate comparisons, then both
effects were aggregated in the analysis. For example, if a study reported a coefficient for a
correlation between a French C-test’s scores and TOEFL scores in addition to a coefficient for a
correlation between an English C-test’s scores and IELTS scores, then both effects were included
in the analysis.
3.6.4.3 Multiple comparisons with same independent or dependent variable. A study could
report multiple comparisons but use the same independent or dependent variable. If a study
reported multiple coefficients for correlations between scores on any one independent or
dependent variable, then the study was coded as having a repeated measure, and only one effect
was included in any one meta-analysis of results. For example, if a study reported a coefficient for
correlations between IELTS and TOEFL scores each with scores from the same C-test (e.g., C-test
with IELTS and C-test with TOEFL), then scores on the C-test were coded as a repeated,
dependent measure, and only one coefficient was included in any one meta-analysis; this was done
by creating a “Contrast” label for each comparison (A vs. 1, A vs. 2, B vs. 1, etc.), and including
these labels as factors in the analysis (controlling for number of comparisons is straightforward in
the Comprehensive Meta Analysis software).
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3.6.4.4 Repeat administrations. A study could report multiple coefficients for a repeatedmeasure design. If a study reported coefficients for correlations between measures at two separate
time points, then the study was coded as having a repeated measure (time), and its coefficients
were aggregated across only those studies that also reported coefficients at separate time points
(e.g., studies with within-group designs). In the meta-analysis of coefficients reported in studies
that used within-group designs, the ways in which we report dealing with multiple comparisons
above were then followed.
3.6.4.5 Multiple samples. A study could report multiple coefficients for distinct samples or
a sample and subgroups of that sample. If a study reported coefficients for correlations between
measures with entirely different groups of respondents or test-takers, then both coefficients were
included in the meta-analysis. If, however, a study reported a coefficient for a correlation done
with an entire group of students and then, later on, reported a coefficient for a correlation done
with only a subgroup of the original group (either because some students’ scores were purposefully
eliminated from the second correlation or, indirectly, because of attrition), then these instances
were flagged in the main study-coding phase because there is, by the act of having truncated scores,
variation in score variances (see Schmidt & Hunter, 2015, chapter 2). For studies that truncated
scores either purposefully or indirectly, then we applied corrections to effects and included
coefficients in the meta-analysis, following the ways of handling multiple effect sizes that we
already mentioned.

3.6.5 Model choice and justification
I used a random-effects model to analyze study effects in this dissertation, as opposed to a
fixed-effects model. The key difference between the two models is that a fixed-effects model
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assumes a common, true population correlation beneath all studies included in the meta-analysis;
a random-effects model allows for this population correlation to vary across studies (Schmidt &
Hunter, 2015). Although some recommend always using a random-effects model when doing
meta-analysis (e.g., Cumming, 2014), I believe several reasons motivate the use of a randomeffects model when analyzing effects reported in C-test studies. First, in an ideal world, although
it would be a rather tidy state of affairs if C-test scores correlated at r = .99 with vocabulary-test
scores, for example, chances are that the magnitude of the relationship inherently differs across
aspects of C-test studies. For example, it could be that r = .99 when both tests are taken by more
proficient language users, thereby eliciting scores that manifest vocabulary knowledge; however,
it could very well be the case that lower-level language users process C-tests differently, thereby
tapping into a construct that is not solely vocabulary knowledge. Therefore, in this example, there
would not be a single, population correlation coefficient but potentially several, depending on Ctest–taker profiles; this possibility (among others) motivates use of random-effects weights when
analyzing study effects. Second, many have claimed that C-test scores measure not a single, unitary
construct but a multi-faceted, multi-componential general language proficiency construct (e.g.,
Eckes & Grotjahn, 2006); if this is the case, then a fixed-effects meta-analysis will likely
consistently yield substantial heterogeneity among study effects when those effects are computed
from correlations between C-test scores and different sets of criterion-measure scores (e.g.,
vocabulary-test scores, reading-test scores, etc.). Therefore, in this example, a random-effects
model would be appropriate since, again, there is not a single, true population correlation
coefficient but one that varies according to the extent to which criterion-test items elicit a/different
constructs. Third, all other things constant, if there is little heterogeneity among study effects when
analyzed with random-effects weights, the random-effects model will default to the fixed-effects
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model anyway. Therefore, for these reasons (and more), I use a random-effects model to analyzed
data in this dissertation.

3.6.6 Heterogeneity in effect sizes
We used several different statistics to assess the degree of heterogeneity in correlation
coefficients reported in primary C-test studies. The statistics we used were Cochran’s Q¸ I2, T, and
T2. Q is a sum-of-squares statistic that can be used to assess how much variation there is in the
model and how much of that variation is likely due to within-study error or is excess variation,
which can be attributed to differences between study effects (see Borenstein et al., 2013). Because
Q is a sum-of-squares statistic, it is sensitive to the number of studies being analyzed and
heterogeneity in coefficients (e.g., Higgins et al., 2003); therefore, I also look at T, T2, and I2
statistics to assess the degree of heterogeneity. T is similar to a standard deviation in means-based
analyses but is the standard deviation of effects in relation to the mean effect in a random-effects
model. T2 is the variance among study effects from the mean effect in a random-effects model. I2
is an indication of inconsistency among study effects or the degree of 95% confidence-interval
overlap among study effects; higher I2 values indicate that the proportion of dispersion among
studies is due to variation among study effects themselves. These statistics are used to assess
heterogeneity among study effects.

3.6.7 Tests for statistical outliers
I conducted leave-one-out or one-study-removed analyses to test for statistical outliers
when effects were analyzed with random-effects weights (see Greenhouse & Iyengar, 2009).
Leave-one-out analyses involved running a series of meta-analyses on a given dataset of study
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effects, removing one study’s effect with each analysis to see if the one study effect had an undue
influence (± .05) on the summary effect. Because study weights are more evenly distributed in a
random-effects model (with smaller-sample studies having more weight and larger-sample studies
having less weight), any change ± .05 change in the summary effect, following the removal of one
study’s effect, would be clear statistical support for identifying the one effect as an outlier and
potentially removing it from the analysis. However, Cooper (2017) notes that it is reasonable to
include more extreme effects in meta-analyses, provided their removal or retention does not affect
substantive interpretations of results.

3.6.8 Statistical programs or software packages used to conduct analyses
We used several programs and packages in R to analyze correlation coefficients and
associated data. First, the data from the main study-coding phase was exported from FileMaker
Pro into an Excel spreadsheet for data sorting and cleaning. Second, the Excel spreadsheet of data
was opened in R to perform several different sub-analyses on data (R Core Team, 2018); we used
the CTT package (Willse, 2018) to re-calculate reliability estimates based on different numbers of
items and to disattenuate observed correlation coefficients, the IRR package (Gamer, Lemon, &
Singh, 2012) to run inter-coder agreement (i.e., percent agreement and Cohen’s κ) on coded data
from the main study-coding phase, and the metafor package (Viechtbauer, 2010) to calculate
effect sizes and fit FE and RE models to data. Third, to help us triangulate our interpretations about
the data, data were also analyzed using the professional series of Comprehensive Meta Analysis
(CMA) (Borenstein et al., 2013). Files with raw data and syntax can be found at McKay (2016).
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CHAPTER 4: RESULTS
4.1 Overview
In this chapter, I discuss the results from several different analyses. I discuss the results of
basic descriptive analyses of studies and study effects (e.g., number of comparisons or effect sizes)
included in analyses. I also discuss the results from subgroup analyses on studies’ correlation
coefficients and the results of the reliability generalization with aspects of C-test construction and
development as subgroup variables. Results are broken down by descriptives, extent of correction
with criterion construct as the grouping variable, extent of correction with C-test use as the
grouping variable, and subgroup analyses on reliabilities.

4.2 Description of Studies
In this section, I describe two aspects of the results of the main study-coding phase. I begin
by reviewing the number of studies that were included and excluded during the main study-coding
phase. I then summarize different characteristics of studies that were included in the main analysis.
Aside from a basic, meta-summary of study characteristics, I summarize characteristics of included
studies according to major coding categories (e.g., report characteristics, C-test construction and
development characteristics, setting, etc.). Descriptive information about the search and includedstudy characteristics are discussed next.

4.2.1 Results of the search
4.2.1.1 Included studies. The PRISMA flowchart in Figure 2 shows the results of the search
process across the different stages of this study. Recall that major stages included eligibilityscreening, preliminary-screening, and main study-coding stages. First, during the eligibility-
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screening stage, 1199 studies were retrieved from databases, 13 from reference lists, 218 from the
C-test bibliography, 403 from journal’s online websites, and 131 from ‘other efforts’ (personal
stores, grey literature, etc.). After duplicate studies were removed, the final tally of studies that
were included was 1090. Second, at the preliminary-screening stage, we, the coding team, applied
a few criteria to filter out studies that were ineligible for this meta-analysis. At the preliminaryscreening stage, 789 studies were excluded, leaving 301 for the team to code during the main
study-coding phase. Lastly, during the main study-coding phase, additional studies were included
(k = 6) and excluded (k = 62). There were several reasons why several additional studies were
included at the time of coding. For example, I received one study, Spaventa and Williamson
(1991), at a very late date from Georgetown’s inter-library loan service. To give another example,
I came across two studies while coding other studies; these studies were Dostert (2009) and Noma
(1991). Thankfully, only a few additional studies were included during the coding process.
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Figure 2. A PRISMA flowchart of studies included and excluded across study phases.
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4.2.1.2 Excluded studies. During the main study-coding phase, the coding team excluded
an additional 62 studies from the analysis. Although these studies appeared to meet the
inclusion/exclusion criteria, they did not meet the criteria when examined more closely. These
studies were excluded for any number of reasons. Some study authors did not give a specific
correlation coefficient but reported that a set of coefficients exceeded some arbitrary benchmark
(e.g., Atai & Soleimany, 2009; Beigi et al., 2009). Some authors used what appeared to be a C-test
but was a “collocation test” (Al-Zahrani, 1998), comprised of a series individual sentences, with
one gap per sentence, arranged in a list (e.g., Bazzaz & Samad, 2011; Bazzaz, 2013; EbrahimiBazzaz, Samad, & Ismail, 2010). Some studies contained information that was reported in other
studies (e.g., Grotjahn, 1986; Grotjahn & Stemmer, 1985). Some studies were duplicate studies
(e.g., Fadaeipour, 2017a, 2017b; Beigi et al., 2009 and Cheng et al., 2009). See appendix for a list
of studies excluded from the analysis and the rationale for excluding them.

4.2.2 Preliminary-screening inter-coder reliability results
I discuss the results of the inter-coder reliability analyses on coding decisions from the
preliminary-screening stage below. In particular, I discuss the results from inter-coder reliability
analyses before discrepancies between coding decisions were resolved and after discrepancies
were resolved. The raw data, R syntax, and lists of included and excluded studies can be found at
my personal website (McKay, 2016).
4.2.2.1 Before and after resolving coding discrepancies. Agreement and Cohen’s κ
statistics were examined to determine the extent to which pairs of coders agreed and disagreed
before and after preliminary-screening decisions were made. Before meeting to discuss screeningdecision discrepancies, the percentage agreement across pairs of coders was 86.6%, and the
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Cohen’s κ statistics was .68. Afterwards, I met with each of the members of the coding team to
examine discrepancies and discuss decisions for each study for which there was a discrepancy in
more detail. After re-running agreement and Cohen’s κ analyses on the data, the percentage
agreement was 100% and Cohen’s κ was 1.00. More detailed information about inclusion–
exclusion decisions made by coders at the preliminary-screening stage are shown in Tables 7–9
below; reference information for individual studies that were included and excluded can be found
at my website (McKay, 2016).
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Table 7. Number of studies for which either coder make an “Exclude” decision
Preliminary screening criterion

Other

Exclude

Missing

Is the study published in English?

750

37

2

Is the study about language education?

781

5

3

Is this an empirical study?

575

213

1

Was a C-test actually used?

260

529

…

47

742

…

Were C-test scores correlated with something else?

Note. “Other” includes both “Include” and “Can’t tell!” responses.
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Table 8. Number of studies by first-coder preliminary-screening decisions

Preliminary screening criterion

Include

Exclude

Missing

Can’t
tell!

Is the study published in English?

752

35

2

…

Is the study about language education?

746

5

3

35

Is this an empirical study?

581

172

1

35

Was a C-test actually used?

266

482

1

40

25

717

…

47

Were C-test scores correlated with something else?

105

Table 9. Number of studies by preliminary-screening decisions of second and third coders

Preliminary screening criterion

Include

Exclude

Missing

Can’t
tell!

Is the study published in English?

753

36

…

…

Is the study about language education?

755

1

…

33

Is this an empirical study?

571

178

…

40

Was a C-test actually used?

257

488

…

44

46

691

…

52

Were C-test scores correlated with something else?
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4.2.3 Main study-coding inter-coder reliability results
The results of the inter-coder reliability analyses on both non-binary and binary coding
items from the main study-coding phases are shown below in Tables 10 and 11. There are two
things I would like to note about these results before discussing them in more detail below. First,
the results of all analyses are bound to be inflated to some extent because analyses were run on
both high- and low-inference items (see discussion in Wilson, 2009). In other words, for many
items in the coding app, members of the coding team could quickly code the response to an item
as being “Not applicable” or “Not reported.” Second, the results of the analyses in the tables below
are based on the results of all five members of the coding team. All data and syntax can be found
at my website (McKay, 2016). I discuss results in Tables 10 and 11 in more detail next.
4.2.3.1 Results for non-binary coding items. The results of the analyses on non-binary
coding items are shown in Table 10. Specifically, I first discuss the agreement data and then discuss
the Cohen’s κ data; in the Cohen’s κ data, I discuss items for which agreement due to chance was
< .60 (an arbitrary cutoff for discussing results). First, overall, agreement statistics between myself
and one of the other two coders were satisfactory, ranging from 56–99%. The lowest percentage
(56%) was for the “Text selection” item of the C-test–development set of items in the coding app.
To be frank, I am not sure why agreement was so poor for the text-selection item (when removed,
the agreement range is 67–99%). However, I suspect that agreement was poor because, when Ctest texts were chosen from an item bank or were adopted or adapted from a C-test from another
study, I chose “Other” whereas the other coders chose a different coding option; I may not have
made it clear during coder training that “Other” should be chosen for C-test texts selected from
other C-tests or text item banks. Second, Cohen’s κ data ranged from .13–.87 (.42–.87 when the
.13 item data is removed). Low Cohen’s κ data were obtained for the following items: peer-review
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status, funding status, proficiency level, C-test use, C-test mode, score type, text selection, and
non-native speaker pilot. I suspect statistics were low for peer-review and funding-status items
because some coders selected “No” while others selected “Not reported.” Statistics for proficiency
level and C-test use were no doubt low because students’ proficiency levels were rarely clearly
reported, and it could be difficult to deduce from C-test studies the decisions made on the basis of
score interpretations. I suspect C-test mode was low because I would select “PBT” for this item if
a C-test was available in the appendix, but other coders selected “Not reported” if not explicitly
stated in the main text that a C-test was paper-based. The text-selection item was discussed with
the agreement data above. I imagine the statistic was low for the score-type item because it was
difficult to determine the type of score used in analyses because discussion of the score type is
rarely clear in C-test studies. Finally, I am unsure as to why the statistic is low for the NNS-pilot
item. To conclude, while agreement percentages across items are good, Cohen’s κ statistics
indicate that coding decisions for a few items, in particular, perhaps warrant closer inspection;
while meta-analytic results are based on my coding decisions (in the interest of time), it is crucial
that interpretations made on the basis of meta-analytic results for my data and for data in which
discrepancies of results be compared.
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Table 10. Inter-coder reliability data for non-binary coding items
Agreement

Cohen’s κ

Peer-review status

77.9

.14

Publication type

82.2

.74

Funding status

72.5

.50

Instrument reporting

93.0

.86

Data reporting

98.9

…

Instructional setting

80.7

.65

LOTE status

90.4

.81

Majority language

87.0

.73

Participant
characteristics

Institutional level

72.8

.65

Proficiency level

75.3

.57

C-test
repurposing

C-test construct

77.5

.41

Criterion construct

69.4

.63

Use

84.7

.50

Correlation type

80.1

.66

Attenuation correction

94.7

.50

Correlation coefficient

75.3

.75

Reliability index

79.0

.70

Score-reliability sample

82.5

.67

Whole vs. part reporting

85.7

.73

Reliability coefficient

76.2

.73

C-test item correction

80.1

.64

Reliability index

85.9

.73

Score-reliability sample

89.5

.78

Whole vs. part reporting

89.5

.76

Reliability coefficient

85.4

.72

C-test item correction

87.7

.72

C-test mode

69.7

.45

Deletion rule

80.3

.68

Blank type

87.7

.70

Number of blanks

86.9

.85

Category name

Variable

Report
characteristics

Study setting

Effect-size
information

C-test reliability
information

Criterion-measure
score reliability
information

C-test
construction

109

Category name

C-test
development

Agreement

Cohen’s κ

Blanks per text

80.4

.76

Number of texts

84.3

.81

Deletion portion

86.5

.72

Deletion basis

84.1

.66

Superitems

69.3

.53

Scoring method

85.2

.76

Score type

73.7

.55

C-test source

84.0

.76

Text selection

57.5

.46

Test-taking time

92.3

.90

Text order

88.8

.76

Native-speaker pilot

82.5

.64

Non-native speaker pilot

77.5

.59

Variable

110

4.2.3.2 Results for binary coding items. The agreement results for the binary-response data
in the coding app are shown below in Table 11. Agreement percentages across coder pairs range
from 87.6–99.6%, and the Maxwell’s RE coefficients range from .75–.99. The range of the
Cohen’s κ statistics is .10–.93; Cohen’s κ is low for some items because codes were either
overwhelmingly “No” or “Yes” across the board (e.g., for the linearity item, 647 out of 687
possible response pairs [00, 01, 10, 11] were “No” from both coders); therefore, Cohen’s κ values
are not always trustworthy for these data. Overall, the results from the binary-choice items in the
coding app lead me to believe that coding responses for these items were consistent across pairs
of coders during the main study-coding phase.
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Table 11. Inter-coder reliability data for binary-choice, descriptive statistics items
Agreement

Maxwell’s RE

Cohen’s κ

Sample size

98.5

.97

.75

df

98.1

.96

.45

Exact p-value

91.6

.83

.61

T-statistic

98.8

.98

…

Confidence intervals

99.5

.99

.33

C-test mean

88.9

.78

.76

C-test SD

87.3

.75

.73

Criterion mean

92.7

.85

.84

Criterion SD

93.8

.88

.87

Linearity

95.9

.92

.10

Continuous data

86.6

.73

…

Outliers

96.1

.92

…

Normality

92.6

.85

.48

Descriptive items
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4.2.4 Dataset overview
In this section, I review three broad categories of information that summarize studies
included in the dataset. I review some of the general characteristics of the dataset, information
about the number of comparisons made across studies, and numbers of studies that corrected for
measurement error and attenuation. Summary information about other sets of study features is
provided in the section that follows.
4.2.4.1 General characteristics. Several aspects of the dataset are worth noting. First, 117
studies were coded as being about C-test research and/or development, while 122 studies were
coded as using C-tests in the course of other substantive research. Second, in the overwhelming
majority of studies (90%), researchers administered C-tests at a single point in time. Only a handful
of studies used C-tests in a repeated-measures design. Third, the total number of comparisons made
was 1182, and, out of that number, 61 correlation coefficients were calculated between whole-test
(composite) scores in addition to sub-test (component) scores.
4.2.4.2 Comparisons. Table 12 below summarizes the number of comparisons (i.e., effect
sizes) that were made across individual C-test studies. Table 12 shows the median, mode, and
range for the number of comparisons, the number of C-test and criterion measures used, and the
number of samples. Overall, looking at the mode, data in most primary studies consisted of a single
correlation coefficient, obtained by correlating scores obtained on a C-test with scores on one other
criterion measure from a single sample. Looking at the “Comparisons” column, C-test researchers
reported anywhere from 1–54 comparisons, with 4 being the median number of comparisons. The
“C-tests” data indicate that C-test researchers correlated scores on 1–26 C-tests, with scores from
1 C-test being the median. Similarly, researchers used scores on 1–31 criterion measures, with
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scores from 2 criterion measures being the median. In terms of samples, researchers reported
correlation coefficients computed from 1–26 samples’ scores; 1 sample was the median.
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Table 12. General characteristics of studies in the dataset
Statistics

Comparisons

C-tests

Criterion variables

Samples

Median

4

1

2

1

Mode

1

1

1

1

Range

1–54

1–26

1–31

1–26
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4.2.4.3 Studies by extent of correction. Studies varied in the extent to which they corrected
for measurement error in scores. C-test users sometimes corrected for measurement error in both
measured variables, in just C-test scores, or in just criterion-measure scores, or they did not correct
for measurement error at all. In total, 3 studies corrected for measurement error in both variables,
5 studies corrected for measurement error in C-test scores only, 4 studies corrected for
measurement error in criterion-measure scores only, and 222 studies did not correct for
measurement error or attenuation at all. Note that study numbers do not total 238 since, for
example, studies that corrected for measurement error in both variables were also included in totals
for studies that corrected for error in just C-test scores and just criterion-measure scores.

4.2.5 Information summaries
In this section, I summarize information about sets of study features that were coded during
the main study-coding phase. I provide summary information for the following sets of study
characteristics: report, setting, participants, C-test and criterion use, descriptive statistics, C-test
and criterion score reliabilities, and C-test construction and development. Note that, the number of
studies provided in tables does not sum to 238 because it was possible to code studies for more
than one response to a coding item. For example, a study might correlate C-test scores with
vocabulary test scores with students from both second-language (SL) and FL backgrounds because
their study had two samples of C-test–takers. Therefore, there are some dependencies in the data.
4.2.5.1 Report characteristics. Tables 13 and 14 below summarize the report characteristics
for the studies included in the analysis. The data in Table 13 indicate that most studies were peerreviewed. When coding the funding status of a study, the coding team only selected “No” if it was
clearly indicated in the study that the research was not financially supported; otherwise, the team
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coded “Not reported.” Regarding funding, 140 studies did not report funding information, 60
studies were not funded, and 39 studies were funded. Studies were almost split in terms of whether
or not they made instruments/materials available in an appendix or online. Researchers for only 3
studies made any data available. The data in Table 14 indicate that most of the included studies
were journal articles, chapters in edited volumes, and theses or dissertations. “Other” document
types included in the analysis were ‘personal’ publications, testing updates, and an unpublished
document.
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Table 13. Report characteristics of studies in the dataset

Coding item

No

Yes

Can’t
tell!

Not
reported

Not
applicable

Peer-review status

19

215

5

---

---

Funding

60

39

---

140

---

Instruments/Materials sharing

108

129

---

---

1

Data sharing

234

3

---

---

1

Note. The “---” were not response options for the given coding item.
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Table 14. Number of studies by document type
Type of document
Journal article ............................
Book chapter ..............................
Chapter in edited volume ...........
Conference proceedings ............
Poster .........................................
PowerPoint slides ......................
Research report ..........................
Online document (e.g., blog) .....
Thesis or dissertation .................
Book ..........................................
Can’t tell! ...................................
Other ..........................................
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k
133
1
42
4
2
5
1
1
35
6
1
5

4.2.5.2 Setting. Table 15 summarizes the setting characteristics for C-test studies included
in the analysis. We coded for studies’ instructional setting, whether or not the C-test language was
a language other than English (LOTE), and whether or not the C-test language was the majority
language of the country. The data show that C-test studies were carried out mostly in SL and FL
settings, there was a good mix of both English and other C-test languages, and that the C-test
language was not the majority language of the country in which the study was conducted. Studies
were coded as “Other” if multiple responses to coding items applied; for example, studies were
coded as “Other” if participants were late bilinguals who were given a C-test in their first language
(e.g., to try to capture attrition).
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Table 15. Number of studies for study-setting characteristics
Coding item and responses

k

Instructional setting
Second language ......................
Foreign language .....................
Bilingual ..................................
Immersion ...............................
First language ..........................
Can’t tell! ................................
Not reported ............................
Other ........................................

60
139
8
1
11
5
6
17

LOTE
No ............................................
Yes ..........................................
Can’t tell! ................................
Not applicable .........................
Other ........................................

151
81
4
2
4

Majority language
No ............................................
Yes ..........................................
Can’t tell! ................................
Not applicable .........................
Other ........................................

165
54
12
2
12
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4.2.5.3 Participants. Table 16 below summarizes C-test study information about the
institutional level of C-test–takers, their proficiency information, and the measure used to elicit
scores on which C-test users based proficiency interpretations about the participants in their
studies. Results show that participants were often in secondary or four-year-university institutions,
they were at a mix of different levels, or information about participants’ institutional level was not
reported. As for students’ proficiency, they were often determined as being a mix of different
proficiencies or information about participants’ proficiency was not reported. Finally, in most Ctest studies, when C-test users reported participants’ proficiency information, they did not indicate
the type of measure that was used to elicit scores on which to base those proficiency decisions.
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Table 16. Number of studies for participant characteristics
Coding item and responses

k

Institutional level
Elementary ..............................
Secondary ................................
Community college .................
Four-year university ................
Technical/Vocational school ...
Master’s ...................................
Doctoral ...................................
Professional .............................
Government .............................
Private language program .......
Intensive English program ......
Mixed/Multiple .......................
Not reported ............................
Other ........................................

8
33
0
78
1
1
1
1
0
5
3
34
66
14

Proficiency level
Beginner ..................................
Intermediate .............................
Advanced .................................
Heritage ...................................
Multiple/Mixed .......................
Bilingual ..................................
Not reported ............................
Other ........................................

3
13
8
1
47
8
135
33

Proficiency measure
Own judgment .........................
Norm-referenced test ...............
Institutional test .......................
Achievement test .....................
Self-assessment .......................
Shortcut test .............................
Program level ..........................
Not reported ............................
Other ........................................

10
14
2
0
4
18
8
158
26
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4.2.5.4 Use. Table 17 summarizes information about the construct researchers claimed Ctest and criterion-measure scores measured in addition to the types of decisions (i.e., use)
interpretations of C-test scores were used to support. Data show that most C-test users interpret Ctest scores as measuring general language proficiency, users correlate C-test scores with scores on
criterion measures indicative of a wide range of constructs, and C-test scores were mostly used to
support proficiency decisions.
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Table 17. Number of studies for use characteristics
Coding item and responses

k

C-test construct
Speaking ..................................
Writing ....................................
Listening ..................................
Reading ...................................
Productive skills ......................
Receptive skills .......................
General language proficiency .
Vocabulary ..............................
Grammar .................................
Vocabulary + grammar ...........
Can’t tell! ................................
Not reported ............................
Other ........................................

0
2
0
6
0
1
172
9
2
2
1
26
18

Criterion construct
Speaking ..................................
Writing ....................................
Listening ..................................
Reading ...................................
Productive skills ......................
Receptive skills .......................
General language proficiency .
Vocabulary ..............................
Grammar .................................
Vocabulary + grammar ...........
Can’t tell! ................................
Not reported ............................
Other ........................................

27
31
46
73
2
0
59
35
29
2
3
53
118

C-test use
Placement ................................
Proficiency ..............................
Screening .................................
Anchor .....................................
Achievement ...........................
Learning competition ..............
Can’t tell! ................................
Not reported ............................

18
192
3
2
5
0
2
18
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4.2.5.5 Effect size. Table 18 summarizes effect-size information for C-test studies included
in the analysis. The different effect-size information that was coded for includes the type of
correlational analysis carried out; whether or not criterion-measure scores were correlated with
scores elicited from a whole, multi-passage C-test, individual C-test texts, or both the whole Ctest and its composite texts; and whether or not the reported coefficient of correlation was corrected
for attenuation or not. Data show that C-test users in most studies either use a Pearson product–
moment correlation or neglect to report the type of analysis they use. Data also show that C-test
users tend to correlate criterion-measure scores with scores elicited with a whole, multi-passage
C-test, and users most frequently do not correct for attenuation due to measurement error. Studies
in which attenuation was corrected were often published in language-testing journals.
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Table 18. Number of studies for effect-size characteristics
Coding item and responses

k

Type of analysis
Pearson ....................................
Spearman .................................
SEM latent ...............................
PCA/EFA factor correlation ....
Point-biserial ...........................
Kendall’s tau ...........................
Partial correlation ....................
Can’t tell! ................................
Not reported ............................
Other ........................................

141
26
1
1
2
2
1
3
72
0

Whole C-test vs. C-test texts
Whole ......................................
Individual texts ........................
Both whole C-test and texts ....
Not applicable .........................

234
0
3
2

Correction for attenuation
No ............................................
Yes ..........................................
Can’t tell ..................................

224
11
6
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4.2.5.6 Descriptives. Table 19 summarizes descriptive information that was reported across
individual C-test studies. Descriptive information was broken into reporting of information for the
correlational analysis, the C-test and criterion-measure scores, and assumptions for conducting
some correlational analyses. Data show that, when running correlational analyses, C-test users
often report the sample size on whose scores correlations were run, but they do not report degrees
of freedom, exact p-values, t-statistics, and confidence intervals. Those users that do report score
means also tend to report standard deviations. Assumptions that scores should meet before running
correlational analyses are infrequently discussed in C-test studies; when they are, users tend to
discuss score distributions (k = 24) and not other assumptions.
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Table 19. Number of studies for descriptive characteristics
Coding item and responses

k

For the analysis
Sample size ..............................
Degrees of freedom .................
Exact p-value ...........................
T-statistic .................................
Confidence intervals ................

233
5
34
2
4

Means and SDs
C-test mean ..............................
C-test SD .................................

140
131

Criterion mean .........................
Criterion SD ............................

104
99

Assumptions for correlation
Continuity ................................
Linearity ..................................
Outliers ....................................
Normality ................................

4
6
5
24
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4.2.5.7 Reliability (C-test and criterion). Table 20 summarizes the reliability-related
information for both C-test scores and criterion-measure scores. The reliability information that
was coded during the main study-coding phase included information about the reliability
estimation method used (i.e., the ‘index’), the sample whose scores were used to compute a
reliability estimate, whether or not scores from the whole test or just a part of the test (or both)
were used to compute reliability estimates, and whether or not C-test users corrected for test length
when the reliability estimation method was either coefficient α, KR-20, or KR-21. Additionally,
median reliability estimates for C-test scores were computed for each score-reliability estimation
method after correcting estimates for test length when appropriate. Results show that coefficient α
was the internal-consistency reliability estimation method most frequently used across C-test
studies. Most C-test users computed reliability estimates from scores obtained from their study’s
sample, though a few did report estimates that were obtained from samples in other studies. By
and large, scores from ‘whole tests’ were used to compute reliability estimates, but a few
researchers did report reliabilities for not just the whole test but also the test’s component parts
(e.g., individual C-test texts or criterion test sub-components). Finally, very few researchers in Ctest studies corrected for test length when computing reliability estimates using coefficient α, KR20, or KR-21 estimation methods. Studies in Table 20 were coded as “Not applicable” if no
reliability information for scores on a measured variable were reported; studies were coded as “Not
reported” if reliability estimates were computed, but other information was not explicitly stated.
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Table 20. Number of studies for reliability characteristics
Coding item and responses

C-test (k) Criterion (k)

Reliability estimation method
Coefficient α ...........................
Split-half .................................
Test-retest ...............................
KR-20 .....................................
KR-21 .....................................
Rasch person–separation ........
Intraclass .................................
Inter-rater ................................
Intra-rater ................................
Can’t tell! ................................
Not reported ............................
Not applicable .........................

96 (.87)
3 (.87)
3 (.73)
9 (.85)
12 (.92)
10 (.98)
2 (.99)
----3
5
103

53
6
2
5
11
4
3
3
1
1
1
174

Reliability sample
Current sample ........................
Another study .........................
Can’t tell! ................................
Not reported ............................
Not applicable .........................

133
6
1
1
103

82
2
0
0
174

Whole test vs. test part
Whole test ...............................
Test part ..................................
Both whole test and test part ..
Not applicable ..........................

128
1
11
104

78
5
1
176

Correction for test length
No ...........................................
Yes ..........................................
Can’t tell! ................................
Not applicable .........................

124
5
6
108

69
8
4
178
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4.2.5.8 C-test construction. Table 21 summarizes information about the different ways in
which C-tests are constructed in C-test studies. Major construction categories in which studies
were coded include the delivery mode, the deletion rule, the type of blank used when portions of
words were deleted, the basis on which deletions were made, whether or not individual C-test texts
were treated as superitems or not, and the total number of C-test items (blanks), blanks per passage,
and texts. In addition to these categories, we also coded for the language in which the C-test was
being developed, of which there were too many to report here. Data show that when the mode of
delivery was reported, most C-test users administered paper-based C-tests. Most C-test users
followed the canonical C-test deletion rule, but a few users did use alternate deletion rules when
the rule was reported. As for the type of blank used, users mostly used a solid-line blank to indicate
the portion of a word that needed to be restored, but some users did use a series of dashes, with
one dash for each missing letter or syllable. Again, quite a few users did not report the type of
blank used in their C-test. Users frequently deleted the right-hand portion of words and did so
according to letters; this information is not surprising since so many users adopted the canonical
deletion rule. Regarding superitems, of those who discussed whether or not C-test texts were
treated as superitems or not, about half did not treat texts as superitems and half did; many users
did not report this information. Finally, the median numbers of blanks, blanks per text, and texts
per C-test were 100, 25, and 4.
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Table 21. Number of studies for C-test construction characteristics
Coding item and responses

k

C-test mode
Paper-based (PBT) ..................
Computer-based (CBT) ..........
Both PBT and CBT ................
Can’t tell! ................................
Not reported ............................

96
12
2
4
127

Deletion rule
Canonical ................................
Alternate .................................
Multiple ..................................
Can’t tell! ................................
Not reported ............................

120
54
0
3
73

Type of blank
Solid line .................................
Series of dashes ......................
Series of dots ..........................
Circles .....................................
Squares ...................................
Multiple/Mixed .......................
Not reported ............................
Other .......................................

89
27
1
3
0
1
113
9

Portion of deletion
Right-hand ..............................
Left-hand ................................
Top half ..................................
Bottom half .............................
Middle .....................................
Not reported ............................
Other .......................................

153
4
0
0
0
83
1

Deletion basis
Letter .......................................
Syllable ...................................
Character .................................
Stroke ......................................
Radical ....................................
Not reported ............................
Other .......................................

145
6
4
0
0
86
0
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Coding item and responses
Superitems
No ...........................................
Yes ..........................................
Can’t tell! ................................
Not reported ............................
Missing ...................................

k
61
50
4
125
1
Median

Blanks ...........................................
Blanks per text ..............................
Texts ..............................................

100
25
4

Note. Median numbers of blanks, blanks per text, and texts per C-test are based on individual Ctests within studies, whereas other counts (“k”) are based on studies.
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4.2.5.9 C-test development. Information about the different ways that C-tests are developed
by researchers is shown in Table 22. The major C-test development categories that we coded for
during the main study-coding phase include the scoring method, the type of score used in
correlational analyses, the origin of the C-test, how C-test texts were selected, the way in which
individual texts were ordered in a C-test, whether or not C-tests were piloted with native speakers
(NSs) and non-native speakers (NNSs) of the C-test language, and the amount of time that C-test–
takers were given to complete their C-tests. Among users who reported their scoring method, most
used an exact-answer scoring method or accepted alternate words and spellings for restored C-test
words. For those who reported the type of score that was computed and then used in correlational
analyses, most users used either summed or average scores in analyses. Many C-test users did not
report where the C-test they used came from, but many were newly developed or adopted from
other studies. When C-test users were trying to decide, at the outset, which texts to include in their
C-tests, they used their own best judgment or impressions to inform decisions; many studies were
coded as “Not applicable” in this category if the C-test in question was comprised of a single text.
Most C-test users did not report how C-test texts were ordered in their C-tests if those C-tests were
multi-text C-tests; for those who did, they ordered texts according to increasing difficulty.
Regarding pilot C-testing, most users did not talk about whether or not they piloted their C-tests
with NSs or NNSs; however, those who did pilot their C-tests did pilot with both NSs and NNSs.
Finally, the median time that participants were given to complete their C-tests, when reported, was
31 minutes.
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Table 22. Number of studies for C-test development characteristics
Coding item and responses

k

Scoring method
Exact answer ................................
Alternate words/spellings ............
Alternate words and spellings ......
Partial credit ..................................
Not reported .................................
Other ............................................

54
33
6
2
141
4

Type of score
Summed scores ............................
Factor scores ................................
z-scores .........................................
Percentages ..................................
Can’t tell! .....................................
Not reported .................................
Other ............................................

110
17
3
7
5
96
2

Source of C-test
Newly developed ..........................
Adopted from other study .............
Adapted from other study .............
Item bank ......................................
Not reported ..................................
Other .............................................

92
62
4
3
71
12

Text selection
Own best judgment/impression ....
Data from raters/experts ................
Proficiency guidelines ...................
Skill-level descriptors ...................
Class or course level .....................
Not reported ..................................
Not applicable ...............................
Other11 ...........................................

44
9
5
4
5
62
34
80

Order of texts in C-test
Easy to difficult .............................
Random .........................................

36
4

The coding team selected “Other” if C-test texts were chosen from an item bank, were adapted or adopted from
another study, or based on Flesch readability indices.
11
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Coding item and responses

k

Difficult to easy ............................
Not reported ..................................
Not applicable ...............................

1
182
19

NS pilot
No ..................................................
Yes ................................................
Can’t tell! ......................................
Not reported ..................................
Not applicable ...............................

10
41
14
176
2

NNS pilot
No ..................................................
Yes ................................................
Can’t tell! ......................................
Not reported ..................................
Not applicable ...............................

6
44
13
167
12
Median

Test-taking time

31 min.
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4.3 Synthesis of Results
In this section, my discussion of the results of the meta-analysis of correlation coefficients
is grouped into three major sections. I review the structure of the synthesis, overall results for the
two major ways in which C-tests are repurposed (construct and use), and then the results from
moderator analyses. The raw data and R syntax used to filter results can be found at McKay (2016).

4.3.1 Structure of synthesis
The structure of my analysis of the results includes multiple levels. To start, I review the
overall results for the two major ways in which C-tests are repurposed by C-test users. Within each
of those categories, results are also broken down according to the extent to which study artifacts
for each group of studies were corrected. In this dissertation, extent of correction refers to
correction for measurement error in both, one, or none of the measured variables’ scores. In
particular, I first review the results for studies in which reliability estimates were corrected for test
length in both C-test scores and scores on criterion measures, as well as in which observed
correlation coefficients were corrected for attenuation due to measurement error. I then review the
results for studies in which reliability estimates were corrected for test length in either C-test scores
or criterion-measure scores, and then I correct for attenuation due to measurement error in the one
variable’s measures. Finally, I meta-analyze the results from studies in which reliability estimates
are reported but there is no reported correction for measurement error. Within each level of
correction, results are also broken down by the type of score analyzed (e.g., observed vs. latentvariable), correlation type (e.g., Pearson vs. Spearman), and the type of effect (e.g., cross-sectional
vs. repeated-measures), provided enough studies are available for meaningful comparisons.
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4.3.2 Criterion construct
In this section, I discuss the meta-analysis of correlation coefficients when the construct of
the criterion measure is a subgroup in the analysis. My rationale for using the criterion construct
as the basis for subgroup division is that C-test users tend to correlate C-test scores with those
obtained from scores on measures that they believe are indicative of a similar construct. For
example, if a C-test user claims that C-test scores measure general language proficiency, then the
C-test user seeks to provide support for this claim by correlating C-test scores with those on the
criterion measure; the correlation coefficient is used as one type of construct-validity evidence.
The meta-analysis by criterion construct is broken down into analyses in which there is correction
for measurement error in both variable scores, correction for measurement error in C-test scores,
correction for measurement error in criterion-measure scores, and studies in which no correction
for measurement error is reported. By comparing analyses by the extent of correction in this way,
I hope to identify trends across analyses in the form of the magnitude of effects between C-test
scores and scores on other measures. Each section contains a general description of the dataset,
results from leave-one-out analyses to determine if any one study unduly over-influenced the main
effect, and results, which include heterogeneity statistics and forest plot(s) of study effects.
4.3.2.1 Full correction. The first set of studies whose data was meta-analyzed consisted of
those in which C-test and criterion-measure scores were corrected for measurement error.
Sometimes C-test researchers reported corrected reliability estimates, and at other times I used the
information that was reported in a study to correct observed reliabilities. I should note here that
correction was not done to estimates computed from all reliability estimation methods but
coefficient α, KR-20, and KR-21 because estimates from these methods are a function of the
number of items in an instrument and score variances.
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4.3.2.1.1 Description. The studies and data that went into the full-correction meta-analysis
were a fraction of the overall dataset. All in all, 33 studies were included in the analysis, comprising
a total of 94 effect sizes. The median numbers of comparisons made and samples used in the
analysis were 2 and 1. The median sample size of the dataset was n = 88. After correcting for
attenuation, 8 studies had correlation coefficients > 1.00, and these were truncated to .99 before
analysis. One study (Khodadady & Ghergloo, 2013) had a corrected coefficient of 1.54, which was
exceptionally high. Only one study used Spearman’s rank–order correlation12 to analyze data,
while all remaining used Pearson’s product–moment correlation; therefore, Pearson’s r effect sizes
are the only data analyzed in this full-correction meta-analysis.
After analyzing the data by criterion-construct subgroup, several studies were removed
from the analysis because there were not enough studies for a meaningful comparison of subgroup
information. Lee-Ellis (2009) correlated C-test scores with those of a speaking measure, Park
(2017) correlated C-test scores with those of a writing test’s scores, and Spada et al. (2015)
correlated C-test scores with grammar-test scores; these studies were removed because there was
only one study effect per criterion construct. Nine studies correlated C-test scores with readingtest scores, and 11 studies correlated C-test scores with other general language proficiency (GLP)
scores; these studies were included in the analysis. The construct of all other study measures was
either “Not reported” (k = 7) or “Other” (k = 7).
4.3.2.1.2 Leave-one-out analysis. I did a sensitivity analysis on the full-correction data by
looking at the extent to which the main effect was changed by removing studies one at a time.
One-study-removed results were compared under both fixed- and random-effects models. Table
23 summarizes the results of the analysis. The results in Table 23 show that for each subgroup of

12

Spearman coefficients were not converted to Pearson coefficients because data for both analyses are assumed to
meet different assumptions.

140

studies, the removal of any one study from its subgroup did not result in a summary effect that was
± .05 the summary effect when all studies were included in the analysis. Furthermore, removing
any one study would not have resulted in any changes to my interpretations of the data (Cooper,
2017). Therefore, all studies in both subgroups were retained for the full analysis.
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Table 23. Summary-effect deviations (criterion construct, component, full correction)
Criterion construct

Fixed effects

Random effects

Reading

|.05|

|.04|

GLP

|.05|

|.01|
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4.3.2.1.3 Results. The results of the fully-corrected meta-analysis with random-effects
weights are summarized below in Table 24 and in the forest plot in Figure 3. All studies that were
included in the meta-analysis reported a positive correlation between C-test scores and reading and
GLP criterion-measure scores. Only one study-level effect was statistically non-significant (one
comparison in Sigott & Köberl, 1993); the within-study error variance was substantial, with a 95%
confidence interval that included zero. Because the numbers of study effects in each subgroup
were greater than 5, separate τ’s for each subgroup were estimated and used in analyses.
The heterogeneity statistics for the studies in the meta-analysis are shown in Table 24. The
mean effect for the reading subgroup is r = .74 [.48; .88], and the mean effect for the GLP subgroup
is .94 [.87; .97]. Note that the confidence interval for the GLP subgroup is much narrower but
overlaps with the confidence interval for the reading subgroup; based on the distribution of effects
in these data, error within studies does not account for the distinct relationship between sets of
scores. The Q statistics for both subgroups suggest a lot of excess variation after accounting for
within-study variance that can be attributed to between-study differences (Q > df +1). The T and
T2 statistics (in the r metric) suggest that reading effects cluster more closely around their subgroup
mean effect than do effects in the GLP subgroup; estimates of the variance (T2) are also more
precise. However, I2 values for both subgroups indicate that there is substantial variation between
studies in each subgroup. Although these data suggest that C-test scores correlate more strongly
with GLP criterion-measure scores, additional subgroup and/or moderator analyses could shed
light on the nature of the variation between studies within subgroups.
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Table 24. Heterogeneity data (criterion construct, component, full correction)
Q

C

T

T2 [CIs]

I2 [CIs]

9

.74 [.48; .88] 210.63

810.15

.50

.25 [.17; .37]

95.73 [.94; .97]

11

.94 [.86; .97] 680.10

1150.96

.76

.58 [.45; .75]

98.53 [.98; .99]

Construct

k

Reading
GLP

r [CIs]
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A forest plot for these data are shown in Figure 3. Importantly, Figure 3 shows the results
of the meta-analysis when the number of samples within studies and the number of comparisons
made (see the “Comparison” column) are taken into account. When study effects are analyzed with
a random-effects model, the summary effect for the reading subgroup is r = .74 [.48; .88], and the
effect for the GLP group is r = .94 [.86; .97]. However, these results should be interpreted with
caution at this point because only a handful of studies were analyzed in each group and because
heterogeneity statistics, primarily in the GLP subgroup, indicate that a proportion of dispersion
across effects is due to variation in the studies themselves. Therefore, additional subgroup and
moderator analyses may shed light on aspects of C-test studies that account for this variation, and
it will be interesting to see if any patterns emerge among analyses of studies that corrected for
measurement error in one variable’s scores or not at all.
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Figure 3. Random-effects meta-analysis (criterion construct, component, full correction).

4.3.2.2 C-test correction. The second set of studies that was analyzed consisted of those in
which C-test users corrected for measurement error in C-test scores but not in criterion-measure
scores. Again, sometimes users reported corrected reliability estimates and observed correlations
corrected for attenuation, but sometimes I used information available in primary studies to correct
for measurement error (e.g., the number of blanks in a C-test, reliability, etc.) in C-test scores.
When correcting for measurement error, I used the Spearman–Brown prophecy formula to predict
test reliability based on a 100-blank C-test because a 100–125-blank C-test is standard and the
median number of blanks across C-tests was 100 (see Table 21). The results I discuss here begin
with a description of the dataset, assessment of results based on leave-one-out analyses, discussion
of heterogeneity, and then, finally, a forest plot of meta-analyzed results.
4.3.2.2.1 Description. A much larger group of studies from the overall dataset was
analyzed compared to the group of studies that corrected for measurement error in both variables’
scores. C-test users who corrected for measurement error in just C-test scores used a variety of
correlational analyses when analyzing scores, and they reported results for correlations between
whole-test (composite) and sub-test (component) scores. The number of studies on whose data
users carried out Pearson’s product–moment correlational analyses was k = 75. Scores were also
analyzed by C-test users with Spearman’s rank–order (k = 10), Kendall’s τ (k = 2), and partial
correlational (k = 1) analyses; however, after grouping studies by criterion construct and after
filtering data to minimize dependencies in the dataset, there were not enough studies in some
correlational-analysis subgroups for a meaningful meta-analysis. Therefore, my discussion in this
section is focused on just studies in which scores were analyzed with the Pearson’s product–
moment analysis. Results from just component-score correlations are discussed so that
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dependencies in the data are minimized; there were too few effects per subgroup when broken
down by C-test–composite score correlations (k = 4 studies and effects) for meta-analysis.
The group of studies that I analyzed were those that analyzed C-test and component scores
with Pearson’s product–moment correlation. After filtering out studies with missing or extraneous
values (e.g., “Not reported,” “Can’t tell!,” etc.) for variables of interest, 45 studies were included
in this analysis, consisting of 138 effect sizes. The median numbers of comparisons and samples
in this group of studies were 3 and 1. The median sample size was n = 90. After correcting for
attenuation due to measurement error in C-test scores, 5 studies had correlation coefficients > 1.0
and were truncated to .99 for analysis.
When Pearson’s component studies were broken down by criterion construct, there were
enough study effects in four of the subgroups for a meaningful meta-analysis. Studies that
correlated C-test scores with scores on writing and vocabulary tests were removed from the
analysis; additionally, studies in which the criterion construct was “Not reported” or was
something “Other” were removed. There were enough study effects (k > 5) in the listening (k = 7),
reading (k = 9), GLP (k = 16), and grammar (k = 5) criterion-construct subgroups for the analysis.
4.3.2.2.2 Leave-one-out analysis. I did a sensitivity analysis on the component (Table 25)
C-test–correction data by looking at the extent to which main effects changed after removing
studies one at a time. For component-score correlation studies, when data are analyzed with both
fixed- and random-effects models, only one study (Khodadady & Hashemi, 2011) over-influences
the main effect (by ± .05) in the grammar subgroup; however, because there were only five effects
in this subgroup to begin with, and because exclusion of the study’s effect would not influence my
overall substantive interpretations, this study’s effect was retained in the analysis.
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Table 25. Summary-effect deviations (criterion construct, component, C-test correction)
Criterion construct

Fixed effects

Random effects

Listening

|.04|

|.05|

Reading

|.04|

|.04|

GLP

|.04|

|.02|

Grammar

|.31|

|.23|
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4.3.2.2.3 Results. The results of the C-test–corrected meta-analysis with random-effects
weights are summarized below in Table 26 and in the forest plot in Figure 4. In the componentscore analysis, all studies reported positive correlations between C-test scores and criterionmeasure scores. Only one study-level effect in the component-score analysis was statistically nonsignificant (one comparison in Sigott & Köberl, 1993); 95% confidence intervals for the study’s
effect included zero. Because the numbers of study effects in all subgroups were greater than 5,
separate τ’s for each subgroup were estimated and used in analyses.
The heterogeneity statistics for studies the component-score meta-analysis are shown in
Table 26. These data indicate that the summary effect for the GLP subgroup is the strongest (r =
.88 [.80; .93]), and the summary effect for the grammar subgroup is the weakest (r = .74 [.41; .90]).
Q statistics for all subgroups of studies indicate that there is a lot of excess variation among
subgroup studies after taking into account within-study error due to between-study differences. T
statistics (effect-level standard deviations) range from .38 for the listening subgroup to .94 for the
grammar subgroup; these data suggest that, within subgroups, studies vary quite a bit about their
summary effects. I2 statistics for all subgroups indicate that the proportion of dispersion among
effects is due to real between-study variation; the variation is real. Therefore, like for the fully
corrected data discussed in the previous section, additional subgroup and/or moderator analyses
could shed light on the variation, or the variation could simply be due to studies themselves.
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Table 26. Heterogeneity data (criterion construct, component, C-test correction)
Q

C

T

T2 [CIs]

I2 [CIs]

7

.82 [.61; .92] 162.13

1067.59

.38

.15 [.09; .23]

96.30 [.94; .98]

9

.77 [.56; .89] 199.39

635.56

.55

.30 [.20; .45]

95.99 [.94; .97]

16

.88 [.80; .93] 614.47

1527.91

.63

.39 [.30; .50]

97.56 [.97; .98]

5

.74 [.41; .90] 248.62

278.87

.94

.88 [.58; .99]

98.39 [.98; .99]

Construct

Es

Listening
Reading
GLP
Grammar

r [CIs]
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The forest plot for the meta-analysis of component-score correlations is shown in Figure
4. Because the forest plot is long, mean effects and their confidence intervals are also summarized
in Table 27 below for readability’s sake. Results from the analysis show that the magnitude of the
effect is largest for the relationship between C-test and GLP scores (r = .88 [.80; .93] and weakest
for C-test and grammar scores (r = .74 [.41; .90]). Although studies from the fully-corrected
analysis were also included in this analysis, the fact that the relationship between C-test scores and
GLP scores is strongest across analyses is possibly a pattern worth noting; however, confidence
intervals for the GLP and reading subgroups’ effects overlap in both the fully and C-test–corrected
analyses. The pattern could change as results are analyzed and additional subgroups/moderators
are looked at to try and explain some of the variation between studies, and there were not enough
studies in other subgroups for meaningful meta-analyses (e.g., C-test scores and vocabulary
scores); so, interpretations of patterns that emerge could shift when more C-test study effects (e.g.,
from the German C-testing literature) are added to analyses.
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Table 27. Random-effects meta-analysis (criterion construct, component, C-test correction)
Construct

Es

Effect

CIlower

CIupper

Listening

7

0.82

0.61

0.92

Reading

9

0.77

0.56

0.89

GLP

16

0.88

0.80

0.93

Grammar

5

0.74

0.41

0.90
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Figure 4. Random-effects meta-analysis (criterion construct, component, C-test correction).

4.3.2.3 Criterion correction. The third set of studies that was analyzed consisted of those
in which C-test users corrected for measurement error in criterion-measure scores and not C-test
scores. Again, sometimes users reported corrected reliability estimates and observed correlations
corrected for attenuation, but sometimes I used information available in primary studies to correct
for measurement error (e.g., the number of items in an instrument). When correcting for
measurement error, I used the Spearman–Brown prophecy formula to predict test-score reliability
based on 30 items because 30 items was the median number of items in criterion measures. The
results I discuss here begin with a description of the dataset, assessment of results based on leaveone-out analyses, discussion of heterogeneity, and then, finally, a forest plot of meta-analyzed
results.
4.3.2.3.1 Description. The studies and data that went into the criterion-corrected metaanalysis were only about one sixth of the total dataset. All in all, 4 studies corrected for
measurement error in criterion-measure scores, and these studies included 32 effect sizes. Of these
4 studies, 38 used Pearson’s r, 2 used Spearman’s rank–order, and 1 reported the correlation
coefficient from the results of a factor model. In this same dataset, 115 of the effects were based
on C-test–component-score correlations, while 3 were based on correlations with composite
scores. Because there are too few studies reporting effects for different correlational analyses and
effects for composite-score correlations for any meaningful meta-analysis, I limit my discussion
to studies that analyzed the relationship between C-test and composite scores with Pearson’s r.
After filtering for studies that only used Pearson’s r to correlate C-test scores with criterionmeasure component scores, 38 studies were included in the analysis. The 38 studies included 112
effect sizes. The median numbers of comparisons, samples, and sample size were 2, 1, and 86.
After correcting for attenuation due to measurement error in criterion-measure scores, 8 studies
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had correlation coefficients > 1.0 and were truncated to .99 for analysis. One study in particular
(Khodadady & Ghergloo (2013)) had a correlation coefficient of 1.57 after correcting for
attenuation. When studies were broken down into subgroups by the criterion-measure’s construct,
there were too few study effects in the speaking (k = 1), writing (k = 2), listening (k = 3), vocabulary
(k = 1), and grammar (k = 1) subgroups for any meaningful analysis. Therefore, I only report the
results for studies that correlated C-test scores with scores on reading and GLP measures.
4.3.2.3.2 Leave-one-out analysis. Table 28 summarizes the results from leave-one-out
analyses. In this analysis, the summary effect is calculated under fixed- and random-effects
models, and then the summary effect is re-calculated after removing studies, one at a time, from
the analysis. The data in Table 28 show that the summary effect is never greater than ± .05 when
individual studies are removed when results are analyzed using both fixed- and random-effects
models. Therefore, all studies were retained for analysis.
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Table 28. Summary-effect deviations (criterion construct, component, criterion correction)
Criterion construct

Fixed effects

Random effects

Reading

|.04|

|.05|

GLP

|.05|

|.05|
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4.3.2.3.3 Results. The results of the criterion–corrected meta-analysis with random-effects
weights are summarized below in Table 29 and in the forest plot in Figure 5. All studies that were
included in the analysis reported a positive correlation between C-test scores and criterion-measure
scores. All but one study effect was statistically non-significant (the same effect from Sigott &
Köberl, 1993); there was substantial within-study variance, and the effect’s 95% confidence
interval included 0. The numbers of study effects in all subgroups were greater than 5, so results
are based on separate τ’s for each subgroup.
The heterogeneity statistics are summarized in Table 29. The mean effect for the reading
subgroup is r = .80 [.59; .91], and the mean effect for the GLP subgroup is r = .94 [.87; .97]. The
95% confidence interval for GLP subgroup is much narrower; the GLP summary effect is much
more precise but overlaps with 95% confidence interval for the reading subgroup’s mean effect.
Q statistics indicate excess variation for both subgroups; the excess variation then indicates
additional variation among study effects due to actual differences between studies. The T and T2
estimates for the reading subgroup indicate that the reading subgroup’s effects cluster more tightly
around the mean effect (less variance), and the 95% confidence intervals for these data are fairly
precise. T and T2 estimates for the GLP subgroup show that there is a lot more variation among its
effects, and the confidence interval is wider, indicating less precision. I2 values for both subgroups
point to a lot of variation among subgroups’ study effects, and so it would be interesting to see if
some moderators or additional subgroups could not explain some of the between-study variation
in each subgroup.
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Table 29. Heterogeneity data (criterion construct, composite, criterion correction)
k

r [CIs]

Q

C

T

T2 [CIs]

I2 [CIs]

Reading

11

.80 [.59; .91]

355.59

949.80

.60

.36 [.26; .50]

97.19 [.96; .98]

GLP

12

.94 [.87; .97]

683.30

1185.94

.75

.57 [.44; .73]

98.39 [.98; .99]

Construct

159

The forest plot in Figure 5 summarizes the results of the two subgroups’ effects when
analyzed with a random-effects model. After taking into account number of comparisons and
samples within studies, the results show that the summary effect for the reading subgroup is r =
.80 [.59; .91], and the summary effect for the GLP subgroup is r = .94 [.87; .93]. The effect is
larger for the GLP subgroup (and the 95% confidence interval is narrower), suggesting that perhaps
C-test scores measure something more akin to GLP than to reading. Again, although this analysis
did not include effects from studies that correlated C-test scores with scores on other constructs
(e.g., vocabulary, reading, grammar, etc.), and although there is some dependency in the data
because studies in previous analyses are included in this one, it may be interesting to note that the
overall pattern is holding. When C-test scores are correlated with GLP and reading criterionmeasure scores (and grammar and listening, to an extent), the strongest relationship is between Ctest scores and GLP scores. Heterogeneity statistics for these data suggest some small portion of
the dispersion among subgroups’ study effects is due to differences between studies, and so
additional moderator/subgroup analyses could shed light on the nature of this variation.
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Figure 5. Random-effects meta-analysis (criterion construct, composite, criterion correction).

4.3.2.4 No correction. In this section, I analyze studies that do not correct for measurement
error. Rather, I meta-analyze studies in which correlation coefficients are reported but in which
the authors make no mention of correction for measurement error and do not provide sufficient
information about their measurement tools to calculate score reliabilities. Therefore, effects for the
no-correction group of studies were analyzed as they are; no data was manipulated in any way. I
wanted to analyze this group of studies so as not to discount study authors in any way and to see
if patterns that have been revealed so far hold across datasets. In keeping with the way I have
reported results so far, I begin with a description of the dataset, assessment of results based on
leave-one-out analyses, discussion of heterogeneity, and then, finally, a forest plot of metaanalyzed results.
4.3.2.4.1 Description. There were 92 studies that were eligible for inclusion in the nocorrection set of meta-analysis studies. The set of 92 studies comprised a total of 363 effects. Of
these 363 effects, 347 were computed between C-test scores and criterion-measure component
scores; 16 effects were computed between C-test scores and criterion-measure composite scores.
Forty-seven studies used Pearson’s r to analyze scores, 11 studies used Spearman’s rank–order
correlation, and 5 used the point-biserial correlation; all remaining studies were coded as either
“Can’t tell!” (k = 1) or “Not reported” (k = 34). After taking into account the number of
comparisons and sub-samples within studies, there were only enough effects in the Pearson’s r,
component-score dataset for a meaningful meta-analysis.
The set of studies analyzed were those that reported effects computed with Pearson’s r
between C-test scores and criterion-measure component scores. In this dataset, 42 studies were
included in the analysis, consisting of 143 effects. The median numbers of comparisons, samples,
and sample size were 3, 1, and n = 39. Because I did not correct for attenuation, no studies reported
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correlation coefficients > 1.0. When studies were broken down into subgroups by criterionmeasure construct—after controlling for the number of comparisons and sub-samples in studies—
there were too few effects in speaking (k = 1), GLP (k = 3), and grammar (k = 1) subgroups for
analysis; all other effects were coded as “Can’t tell!” or “Other.” Therefore, I only report a metaanalysis of effects in listening and reading subgroups for the meta-analysis of these data.
4.3.2.4.2 Leave-one-out analysis. The results of the leave-one-out analysis are
summarized in Table 30. The results show that there appear to be several outlying studies in both
the listening and reading subgroups when effects are meta-analyzed with fixed-effects weights and
in just the reading subgroup when effects are meta-analyzed with random-effects weights. The
summary effect changed by .09 correlation ‘points’ when Murtagh and Van Der Slik (2004) was
removed from the listening subgroup under a fixed-effects model. In the reading subgroup, the
summary effects for fixed- and random-effects models changed by .09 and .07 when Rabadi (2015)
was removed. Finally, also in the reading subgroup, the summary fixed-effects model effect
changed by .13 when Krekeler (2006) was removed. Because study effects were meta-analyzed
with random-effects weights in the results section, just one effect from Rabadi (2015) was removed
from the analysis.
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Table 30. Summary-effect deviations (criterion construct, component, no correction)
Criterion construct

Fixed effects

Random effects

Listening

|.09|

|.05|

Reading

|.14|

|.07|

GLP

|.04|

|.04|
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4.3.2.4.3 Results. The results of the no-correction meta-analysis with random-effects
weights are summarized below in Tables 31 and 32 and in the forest plot in Figure 6. All studies
included in the analysis reported positive correlation coefficients between C-test scores and
criterion-measure scores. Several studies (k = 6) exhibited quite a bit of within-study error variance
that resulted in non-statistically significant p-values and 95% confidence intervals that included 0.
Because there were 5 studies in each of the reading and GLP subgroups, I examined the results
based on both separate and pooled τ estimates to better understand variation among studies in
subgroups (i.e., there is increased precision with pooled τ); I discuss both sets of results in order to
triangulate my interpretation of results.
Heterogeneity statistics are shown in Tables 31 and 32 for subgroup data based on pooled
and separate τ estimates. In Table 31, for the separate τ-estimate data, mean effects are similar
across subgroups (r = .47–.53), and the 95% confidence intervals are similarly narrow. Q statistics
indicate excess, between-study variation among effects for both listening and GLP subgroups but
not for the reading subgroup. T and T2 estimates indicate a tighter clustering of subgroup effects
about mean effects, but estimates are imprecise for reading and GLP subgroups because there are
few effects in each subgroup (Borenstein et al., 2013). To get a better sense of the data, subgroup
effects were re-calculated with the same τ estimate (population standard deviation) for all studies
to help increase precision due to low power. Heterogeneity statistics are similar when effects are
re-calculated for reading and GLP subgroups with pooled τ estimates, although there is greater
dispersion of subgroup effects in the reading subgroup (τ2 95% CIs = [.00; .16]), and the subgroup’s
I2 statistics indicate that dispersion among effects is due to actual variation among effects. All
subsequent results are based on separate τ estimates.
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Table 31. Separate τ heterogeneity data (criterion construct, composite, no correction)
Construct

k

r [CIs]

Q

C

T

T2 [CIs]

I2 [CIs]

Listening

8

.47 [.28; .62]

34.95

254.35

.33

.11 [.04; .24]

79.97 [.61; .90]

Reading

4

.53 [.28; .71]

3.45

148.10

.06

.00 [.00; .03]

12.93 [.00; .57]

GLP

5

.48 [.22; .67]

7.41

87.48

.20

.04 [.00; .19]

46.01 [.00; .80]

Note. Data based on separate subgroup τ’s; results for reading and GLP subgroups are unstable
due to number of subgroup effects.
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Table 32. Pooled τ heterogeneity data (criterion construct, composite, no correction)
Construct

k

r [CIs]

Q

C

T

T2 [CIs]

I2 [CIs]

Listening

8

.47 [.28; .62]

34.95

254.35

.33

.11 [.04; .24]

79.97 [.61; .90]

Reading

4

.53 [.28; .71]

3.45

148.10

.06

.00 [.00; .16]

12.93 [.00; .89]

GLP

5

.48 [.22; .67]

7.41

87.48

.20

.04 [.00; .19]

46.01 [.00; .80]

Note. Data based on pooled subgroup τ’s.
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The forest plot in Figure 6 below summarizes the results of the meta-analysis when studies
are analyzed with a random-effects model. The two subgroups of studies present in the analysis
are the listening and GLP subgroups. The analysis takes into account the number of comparisons
made in any one study and the number of C-test–taker samples that contributed scores for analysis
in primary studies. Effects from Rabadi (2015) were not included in the analysis. The results show
that the summary effect for the listening subgroup is r = .47 [.28; .62], the summary effect for the
reading subgroup is r = .53 [.28; .71], and the summary effect for the GLP subgroup is r = .48 [.22;
.67]. Although effects and confidence intervals are similar for each of the subgroups, the individual
study boxes and whiskers indicate quite a bit of variation among effect sizes. Therefore, an
examination of the extent to which subgroups and moderator variables contribute to this
variation—if they do—is needed.
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Figure 6. Random-effects meta-analysis (criterion construct, component, no correction).

4.3.2.5 Overall interpretations. In this section of the results, studies were analyzed in
subgroups according to the construct their criterion test scores measure, and the analysis also took
into account the extent of measurement-error correction in studies. Based on the results so far, I
believe that several claims can be made about the data. First, although C-test users used different
correlational analyses to analyze test scores, when studies and study response were filtered for the
current analysis, there were too few studies with enough comparisons for a meaningful metaanalysis of effects reported in studies that used other correlational analyses; therefore, in this
section, results are based on Pearson’s r effect sizes. Second, although C-test users may have
correlated C-test scores with not just composite scores on a test but also the scores from different
components of that test (e.g., listening scores, reading scores, etc.), again, once studies were
filtered, there were too few studies with C-test–composite score correlations in subgroups for any
meaningful meta-analysis of the data. Therefore, most results in this section were reported on
correlations between C-test scores and criterion-measure component scores. Third, there were
more comparisons available for C-test scores and scores on listening, reading, grammar, and GLP
criterion measures than there were for other criterion constructs. In all but the no-correction metaanalysis, the relationship appears strongest between C-test scores and GLP criterion-measure
scores. This finding could suggest that Pearson’s r effects summarize the relationship between Ctest scores and GLP criterion-measure scores better than they do the relationship between C-test
scores and other measures’ scores. While the observed relationship was strongest between C-test
and GLP scores in all but the no-correction meta-analysis, 95% confidence intervals overlap across
the board. However, fourth, also in all levels of the analysis, there was moderate to substantial
variation among effect sizes when data were analyzed with a random-effects model. Therefore,
although there is a strong relationship between C-test scores and criterion-measure GLP scores,
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additional moderator and subgroup analyses are needed to investigate possible source(s) of the
variation.

4.3.3 C-test use
In addition to the criterion-measure construct, study effects were also meta-analyzed
according to the different types of decisions or uses that C-test users made on the basis of C-test
scores. My rationale for grouping study effects according to C-test use is that tests are designed
for specific uses with a particular group of test-takers. Therefore, all other things constant, when
tests are used to elicit scores for a purpose or test-taker group other than that intended by the test
developers, scores will be less reliable, and the score unreliability will affect observed correlation
coefficients. Like the subgroups for the criterion-measure construct, effects are broken down into
analyses in which studies corrected for measurement error in both variable scores, correction for
measurement error in C-test scores, correction for measurement error in criterion-measure scores,
and studies in which no correction for measurement error is reported. By comparing analyses by
the extent of correction in this way, I hope to identify trends across analyses in the form of the
magnitude of effects between C-test scores and scores on other measures. The structure of this
section is similar to the previous one; each section contains a general description of the dataset,
results from leave-one-out analyses, summary heterogeneity statistics when effects are analyzed
with a fixed-effects model, and meta-analytic results.
4.3.3.1 Use: Full correction. The first set of studies that were analyzed were those in which
measurement error in C-test and criterion-measure scores was corrected and in which correlation
coefficients were corrected for attenuation. Sometimes C-test researchers reported corrected
reliability estimates and correlation coefficients, and at other times I used the information that was
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reported a study to make corrections. I should note here that correction was not done to estimates
computed from all reliability estimation methods but coefficient α, KR-20, and KR-21 because
estimates from these methods are a function of the number of items in an instrument and score
variances. Correction to C-test and criterion-measure score reliabilities were done with the
Spearman–Brown prophecy formula based on a 100-item C-test and 25-item criterion test since
these values were the median blank and item counts across C-tests and criterion tests.
4.3.3.1.1 Description. The overall dataset that was considered for analysis after correction
were made consisted of 37 studies. Of these 37 studies, 34 correlated C-test scores with criterionmeasure component scores (99 effects), and 3 studies correlated C-test scores with criterionmeasure total scores (3 effects). In terms of the type of correlational analyses that were carried out
in the subset of fully corrected studies, 35 studies used Pearson’s r (100 effects), and 1 study used
Spearman’s rank–order correlation (2 effects). Regarding decisions made on the basis of C-test
scores in studies in this fully corrected subset, C-test scores were used to inform placement (k = 1;
1 effect), proficiency (k = 25; 63 effects), screening (k = 2; 2 effects), and achievement (k = 2; 3
effects) decisions. When the type of correlational analysis was broken down by decision type and
criterion-measure score type (component or composite), there were often too few studies and
comparisons for any meaningful meta-analysis of subgroup studies; so, in the remainder of this
section, I limit my discussion to results for studies that used Pearson’s r to analyze C-test–
component scores and used C-test scores to inform proficiency decisions.
In the Pearson’s C-test–component-score subgroup, there were 33 studies, comprising a
total of 97 comparisons. The median number of contrasts, number of samples, and sample size
were 2, 1, and n = 92. After correcting for attenuation in correlation coefficients, 4 studies had
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coefficients > 1.00 and were truncated to .99 for analysis. The same study by Khodadady and
Ghergloo (2013) had an exceptionally large corrected coefficient of r = 1.60.
4.3.3.1.2 Leave-one-out analysis. Results from the leave-one-out analyses when studies
are analyzed with both fixed- and random-effects models are shown below in Table 33. The data
in Table 33 show that no one study in the proficiency-use subgroup has any undue influence on
the summary effect. The extent of the summary-effect change when data are analyzed with both
models does not exceed .03 for any one study. Therefore, all studies in the proficiency subgroup
were retained for ongoing analysis.
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Table 33. Summary-effect deviations (C-test use, component, full correction)
C-test use

Fixed effects

Random effects

Proficiency

.00 – .02

.00 – .03
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4.3.3.1.3 Results. The results of the full-correction meta-analysis with random-effects
weights are summarized below in Table 34 and in the forest plot in Figure 7. All but one study
(Muircheartaigh & Hickey, 2008) included in the analysis reported positive correlation coefficients
between C-test scores and criterion-measure scores. All but one study effect was statistically nonsignificant (the same effect from Sigott & Köberl, 1993); there was substantial within-study
variance, and the effect’s 95% confidence interval included 0. After studies and their effects were
grouped by C-test use or type of decision, the only subgroup with > 5 study effects was the
proficiency subgroup. Therefore, I limit my discussion of results to study effects within the
proficiency subgroup.
The heterogeneity statistics for the fully corrected set of proficiency-use effects are
summarized below in Table 34. Results show that the mean effect is r = .77 [.65; .86]. The Q
statistic indicates that there is a lot of excess variation after taking into account within-study error,
due to differences between studies. The T and T2 estimates indicate that there is quite a bit of
variation among study effects, and the I2 values indicates that study effects within the proficiency
subgroup are very inconsistent. Also, in re-thinking the analysis here, I believe use or decision
type might better serve not as a subgroup but as a moderator for effects when grouped by criterionmeasure construct.
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Table 34. Heterogeneity data (C-test use, component, full correction)
Construct

k

r [CIs]

Q

C

T

T2 [CIs]

I2 [CIs]

Proficiency

24

.77 [.65; .86]

1061.08

2702.63

.62

.38 [.32; .45]

97.83 [.97; .98]
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The results of the meta-analysis of effects in the proficiency subgroup are shown in the
forest plot in Figure 7. Results show that the summary effect for proficiency-decision studies, when
analyzed with a random-effects model, is r = .77 [.65; .86]. The meta-analysis took into account
the number of comparisons made in any one study and the number of samples of C-test–takers in
any one study. Looking at the individual-study box and whiskers in the forest plot, there seems to
be quite a bit of variation among observed effects, and this visual inspection corroborates my
interpretations of the heterogeneity statistics in Table 34 above. To reiterate what I have stated so
far, there is considerable variation among observed effects, and additional subgroup and moderator
analyses are needed to try and make sense of the variation. Then again, there may simply be
variation among effects due to other aspects of studies that were included in this meta-analysis
(e.g., effects computed between C-test scores and scores on a multitude of criterion measures), and
additional subgroup and moderator analyses will simply continue to reveal inter-study variation.
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Figure 7. Random-effects meta-analysis (C-test use, component, full correction).

4.3.3.2 Use: C-test correction. The second group of studies that I analyzed were those in
which reliabilities were corrected for just C-test scores and not for criterion-measure scores.
Uncorrected reliabilities for C-test scores that were estimated using coefficient α, KR-20, and KR21 estimation methods were corrected for test length with the Spearman–Brown prophecy formula;
the reliabilities for 100-blank C-tests were estimated since a C-test of 100–150 blanks is standard;
100 blanks was also the median number of blanks across studies that reported the number of blanks
in the C-tests they used.
4.3.3.2.1 Description. The overall dataset that was considered for analysis before all filters
had been applied (e.g., to exclude data with missing or “Not reported” values) included 44 studies
and 138 effect sizes. Of these 44 studies, 43 studies (133 effect sizes) correlated C-test scores with
criterion-measure component scores, and 5 studies (5 effects) correlated C-test scores with
criterion-measure composite scores. As for different correlational analyses that were done, 43
studies (136 effects) analyzed scores with Pearson’s r, and only 1 study (2 effect sizes) analyzed
scores with Spearman’s rank–order correlation. Other studies used other types of correlational
analyses (e.g., Kendall’s τ), but, after studies with missing and irrelevant data were filtered out of
the dataset, only studies in which authors used Pearson’s r and Spearman’s rank–order were
retained. Studies were then grouped by the type of decision made on the basis of C-test scores;
scores were used to inform placement (2 studies; 4 effect sizes), proficiency (30 studies; 89 effect
sizes), screening (2 studies; 3 effect sizes), and achievement (2 studies; 3 effect sizes) decisions.
The type of decision for all other studies was coded as either “Can’t tell!” or “Not reported.” When
the type of correlational analysis was broken down by decision type and criterion-measure score
type (component or composite), there were often too few studies and comparisons for any
meaningful meta-analysis of subgroup studies; so, in the remainder of this section, I limit my
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discussion to results for studies that used Pearson’s r to analyze C-test–component scores and used
C-test scores to inform proficiency decisions.
In the Pearson’s C-test–component-score subgroup, there were 42 studies, comprising a
total of 131 comparisons. The median number of contrasts, number of samples, and sample size
were 2, 1, and n = 92. After correcting for attenuation in correlation coefficients, 7 studies had
coefficients > 1.00 and were truncated to .99 for analysis. Of the original 42 studies and 131
comparisons, 31 effect sizes included in the analysis were from studies that used C-test scores to
support proficiency decisions; there were too few for other decision subgroups in the metaanalysis, so my discussion of results are limited to the 31 effects in the proficiency subgroup.
4.3.3.2.2 Leave-one-out analysis. The data in Table 35 summarize the heterogeneity
statistics when effects are analyzed with both fixed- and random-effects models. The data show
that, regardless of the model used to analyze effects, the summary effect is never more or less than
.02 when computed with individual studies removed. In short, no one study overly influences the
main effect. Therefore, all studies were retained at this level of the analysis.
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Table 35. Summary-effect deviations (C-test use, component, C-test correction)
C-test use

Fixed effects

Random effects

Proficiency

.00 – .02

.00 – .02
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4.3.3.2.3 Results. The results of the C-test–correction meta-analysis with random-effects
weights are summarized below in Table 36 and in the forest plot in Figure 8. All but one study
(Muircheartaigh & Hickey, 2008) included in the analysis reported positive correlation coefficients
between C-test scores and criterion-measure scores. All but one study effect was statistically nonsignificant (the same effect from Sigott & Köberl, 1993); there was substantial within-study
variance, and the effect’s 95% confidence interval included 0. After studies and their effects were
grouped by C-test use or type of decision, the only subgroup with > 5 study effects was the
proficiency subgroup. Therefore, I limit my discussion of results to study effects within the
proficiency subgroup.
The heterogeneity statistics for the data are summarized in Table 36. The data are very
similar to those discussed in preceding section. The summary effect for the proficiency subgroup
is r = .78 [.69; .85]. While the summary effect suggests a moderate–strong relationship between
C-test scores and criterion-measure score when C-tests are used to inform proficiency decisions,
the T = .56 and I2 = 97% values suggest that there is a substantial amount of variation among the
effects analyzed and that the dispersion in these effects is due to the actual variability among effect
sizes. Additional effects from a similar population of study effects will still fall within the 0–1.00
range, providing no clear indication of whether the relationship between scores, when used for
proficiency decisions, is consistently of any magnitude (e.g., small, medium, etc.). Therefore, yet
again, additional subgroup and moderator analyses could shed light on the nature of the variation,
but, to follow up my discussion of the fully-corrected results in the last section, I am increasingly
of the mind that C-test use should be a moderator for effects grouped by criterion construct and
not a separate subgroup analysis on its own.
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Table 36. Heterogeneity data (C-test use, component, C-test correction)
Construct

k

r [CIs]

Q

C

T

T2 [CIs]

I2 [CIs]

Proficiency

31

.78 [.69; .85]

1096.86

3405.12

.56

.31 [.26; .38]

97.83 [.97; .98]
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The results of the meta-analysis of effects in the proficiency subgroup are shown in the
forest plot in Figure 8. The summary effect is r = .78 [.70; .85] when effects are analyzed with a
random-effects model. The numbers of comparisons and C-test–taker samples are controlled for
in the analysis. Although the main effect is moderate–strong, again, heterogeneity statistics and a
visual inspection of individual study boxes and whiskers indicate a lot of variation among effects.
Therefore, additional subgroup and moderator analyses are needed.
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Figure 8. Random-effects meta-analysis (C-test use, component, C-test correction).

4.3.3.3 Use: Criterion correction. The next set of study effects that I meta-analyzed were
those in which criterion-measure scores were corrected for measurement error. For studies that
reported uncorrected criterion-score reliabilities and item counts for the instruments used to elicit
those scores, I used the Spearman–Brown prophecy formula to re-calculate score reliabilities based
on 25-item tests. The number 25 was chosen because this was the median number of items across
criterion-measure tests. Corrections were made to criterion-measure reliabilities that were
computed using coefficient α, KR-20, and KR-21 internal consistency estimation methods.
4.3.3.2.1 Description. The dataset that was considered for this analysis consisted of 40
studies that comprised 114 comparisons. Of the initial 40 studies and 114 comparisons, 37 studies
(110 effect sizes) correlated C-test scores with criterion-measure component scores, and 4 studies
(4 effect sizes) correlated C-test scores with criterion-measure composite scores. Also out of the
initial set of studies, 37 studies (109 effect sizes) analyzed scores with Pearson’s r, 2 studies (2
effect sizes) used Spearman’s rank–order correlation, and 1 study (2 effect sizes) used Kendall’s
τ. When studies and comparisons were grouped according to decision type or use, C-test scores
were used to make placement (1 study; 1 effect size), proficiency (29 studies; 75 effect sizes),
screening (2 studies; 2 effect sizes), and achievement (2 studies; 3 effect sizes). After subgroups
of studies were examined according to decision type, the type of correlational analysis used to
analyze scores, and the criterion-measure score type (component vs. composite), there were too
few studies and comparisons in many subgroups for a meaningful meta-analysis. Therefore, my
discussion of results is limited to studies that used Pearson’s r to analyze C-test scores and
criterion-measure component scores.
The Pearson’s r component-score group of studies, there were 34 studies included in the
analysis, consisting of 105 effect sizes. The median number of contrasts, median number of

186

samples, and median sample size were 1, 1, and n = 88. After correction for attenuation in
correlation coefficients, 4 studies had coefficients that were > 1.0, and I truncated these 4 to .99
for the analysis. The corrected correlation coefficient for Khodadady and Ghergloo (2013) was
exceptionally large at r = 1.60. After grouping studies by type of decision, there were too few
effect sizes in the placement (1), screening (1), and achievement (2) subgroups for any meaningful
meta-analysis of subgroup effects. Therefore, my discussion of the results is limited to studies that
used C-test scores to inform proficiency decisions (24 effect sizes). Also, many studies in which
C-test users corrected for measurement error in C-test scores also corrected for measurement error
in criterion-measure scores; therefore, I anticipate that my interpretations of the results for the
criterion-correction group of studies will be similar to my interpretations of the results in the
previous section for the C-test–corrected group of studies.
4.3.3.2.2 Leave-one-out analysis. The data in Table 37 summarize the heterogeneity
statistics when effects are analyzed with both fixed- and random-effects models. The data show
that, regardless of the model used to analyze effects, the summary effect is never more or less than
.02 when computed with individual studies removed. In short, no one study overly influences the
main effect. Therefore, all studies were retained at this level of the analysis.
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Table 37. Summary-effect deviations (C-test use, component, criterion correction)
C-test use

Fixed effects

Random effects

Proficiency

.00 – .02

.00 – .03
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4.3.3.2.3 Results. The results of the criterion–correction meta-analysis with randomeffects weights are summarized below in Table 38 and in the forest plot in Figure 9. All but one
study (Muircheartaigh & Hickey, 2008) included in the analysis reported positive correlation
coefficients between C-test scores and criterion-measure scores. All but one study effect was
statistically non-significant (the same effect from Sigott & Köberl, 1993); there was substantial
within-study variance, and the effect’s 95% confidence interval included 0. After studies and their
effects were grouped by C-test use or type of decision, the only subgroup with > 5 study effects
was the proficiency subgroup. Therefore, I limit my discussion of results to study effects within
the proficiency subgroup.
The data in Table 38 summarize the heterogeneity statistics when effects in the proficiency
subgroup are analyzed with a random-effects model. These data show that the summary effect for
the proficiency subgroup is r = .79 [.66; .88] and that there is substantial heterogeneity in study
effects. The Q statistic indicates a lot of excess variation due to between-study differences. The T
= .71 is large, indicating a lot of variation in effects, and the I2 suggests that a large proportion of
the variation is due to actual variation among study effects. In other words, the variation observed
among study effects is real. These data suggest that additional subgroup and moderator analyses
are needed. Again, I reiterate here that, increasingly, I am convinced C-test use would better serve
as a moderator category.

189

Table 38. Heterogeneity data (C-test use, component, criterion correction)
Construct

k

r [CIs]

Q

C

T

T2 [CIs]

I2 [CIs]

Proficiency

25

.79 [.66; .88]

1405.04

2744.61

.71

.50 [.42; .60]

97.83 [.97; .99]
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The results of the meta-analysis are summarized in the forest plot in Figure 9. The
distribution of study effects is very similar to those that were analyzed in the proficiency subgroup
of C-test–corrected studies in the previous section, mainly because many of the same studies
contributed effects to both analyses. The results show that the summary effect is r = 79 [.66; .88].
Despite the moderate–large effect, a visual inspection of the individual study boxes and whiskers
makes it clear that there is considerable heterogeneity in study effects, and that these effects range
0–1.00; these findings corroborate the results of the heterogeneity analysis. The magnitude of
observed relationships between C-test scores and criterion-measure scores is not consistently
small, medium, or large (applying arbitrary effect-size labels). However, these results make sense;
it is possible, for example, that there is considerable heterogeneity in observed effects because,
even though C-test scores are used across studies to make proficiency decisions, there is a range
of constructs being measure by the criterion-measure scores used to compute effects in this
subgroup analysis. Again, these results make it all too clear that additional subgroup and moderator
analyses are needed and that C-test use would be better as a moderator for effects grouped by
construct of the criterion measure.
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Figure 9. Random-effects meta-analysis (C-test use, component, criterion correction).

4.3.3.4 Use: No correction. The final set of effects that were meta-analyzed were those in
which C-test users did not correct correlation coefficients for attenuation or correct for
measurement error in C-test scores and criterion-measure scores. In short, the correlation
coefficients that were reported in primary C-test studies were analyzed as they are. In the nocorrection group of studies, although I use the term “no correction,” I would like to note that Ctest study authors may have corrected for measurement error in scores or attenuation in correlation
coefficients, but they may not have said anything about how correcting estimates in the study. On
the other hand, C-test study authors may not have reported anything about data corrections because
they did not correct any of their data. If C-test study authors failed to correct for attenuation or
measurement error, then my interpretations of the results I discuss in this section are not entirely
trustworthy because the true effects that were reported (correlation coefficients and reliabilities)
are less accurate indicators of true effects. Nevertheless, again, I wanted to analyze effects in the
‘no-correction’ group of studies so as not to discount study authors and to see what (if any) trends
emerged in results.
4.3.3.4.1 Description. After filtering out studies that corrected for attenuation and/or
measurement error, the initial set of studies that I considered for the no-correction meta-analysis
consisted of 52 studies and 190 effect sizes. Of these 52 studies, 52 studies (188 effect sizes)
correlated C-test scores with criterion-measure component scores, and 2 studies (2 effect sizes)
correlated C-test scores with criterion-measure composite scores. Study authors reported having
used a variety of correlational analyze scores; Pearson’s r was used in 41 studies (143 effect sizes),
Spearman’s rank–order correlation was used in 10 studies (45 comparisons), and Kendall’s τ was
used in 2 studies (2 effect sizes). Study authors also reporting using C-test scores to inform a
variety of different types of decisions, including placement (1 study; 2 effect sizes), proficiency
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(46 studies; 164 effect sizes), screening (1 study; 4 effect sizes), and achievement (3 studies; 11
effect sizes). Three studies also used C-test scores to inform entry points for computer adaptive
testing (11 effect sizes). Once studies and their effect sizes were broken down into subgroups by
the type of decision made on the basis of C-test–score interpretations, there were only enough
effects/studies to meta-analyze the effects in studies that used C-test scores to inform proficiency
decisions and correlated C-test scores with criterion-measure component scores using both
Pearson’s r and Spearman’s rank–order correlational analyses.
The first meta-analysis that I carried out was done on proficiency effects that were
computed between C-test scores and criterion-measure component scores using Pearson’s r. This
subgroup included 36 studies and 120 comparisons. Although there were > 5.0 effects reported in
studies that used C-test scores to inform achievement and CAT entry points, once the number of
comparisons and C-test–taker samples in any one study were taken into account, there were not
enough effects for additional subgroup analyses. The median number of comparisons, the median
number of samples, and the median sample size of the Pearson’s r, component-score subgroup
were 2, 1, and n = 39. Because no data were corrected for this analysis, all correlation coefficients
were < 1.00.
The second meta-analysis that I carried out was done on proficiency effects that were
computed between C-test scores and criterion-measure component scores using Spearman’s rank–
order correlation. In this subgroup, there were 9 studies, including 41 effect sizes. Likewise,
although C-test users used scores to inform other types of decisions and analyzed those scores with
Spearman’s rank–order correlation, there were too few effects (4 effect sizes) for an additional
subgroup analysis. The median number of comparisons, the median number of samples, and the
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median sample size for the Spearman’s component-score subgroup were 3, 1, and n = 38. Because
not data were corrected, all correlation coefficients were < 1.00.
4.3.3.4.2 Leave-one-out analysis. Results from leave-one-out analyses when data are
analyzed with both fixed- and random-effects models are shown in Table 39. Table 39 contains
the results from studies that analyze scores with Pearson’s r and Spearman’s rank–order
correlational analyses. When data are analyzed with each model, the effect of one study in each
analysis influences the main effect; when Zeldes (2018) is removed from the fixed-effects analysis
of the Pearson–proficiency subgroup, the summary effect is .15 different from the effect with all
studies, including Zeldes (2018), included. Similarly, when an effect from Opitz (2010) is removed
from the random-effects analysis of the Spearman–proficiency subgroup, the summary effect is
.06 different from the effect when all studies, including Opitz (2010), are included. Without effects
from these two studies, the summary effect does not exceed a .04 change when studies are
sequentially removed from the analysis.
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Table 39. Summary-effect deviations (C-test use, component, no correction)
Analysis

Fixed effects

Random effects

Pearson

.00 – .15

.00 – .03

Spearman

.00 – .04

.00 – .06
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The heterogeneity statistics for both Pearson– and Spearman–component-score subgroups
are summarized in Table 40 below. Effects in each group were analyzed with the fixed-effects
model; only studies that used C-test scores to inform proficiency decisions are reported here
because there were too few effects for analyses of other subgroups’ effects. Effects from Zeldes
(2018) and Opitz (2010) were left in the analysis since their removal does not change my
interpretation of summary effects for each group or how I would interpret the heterogeneity
statistics. In short, the data in Table 40 paints a similar picture to other heterogeneity statistics
from other subgroup analyses that I have discussed up until this point. In each group, the T is about
the same size as the effect, which suggests that additional effects from a similar universe of effects
would fall within the 0–1.00 range. Additionally, I2 values for each group suggest that variation
among effects is due to actual variation; in short, the variation is real and additional subgroup and
moderator analyses could shed light on the nature of the variation.
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Table 40. Heterogeneity data (C-test use, component, no correction)
Use

k

Effect

CIlower

CIupper

Q

I2

Τ2

Τ

SE

Pearson

43

.66

.63

.68

1305.41

96.78

.53

.73

.20

Spearman

12

.27

.21

.33

51.12

78.48

.08

.27

.06
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4.3.3.4.3 Results. Results from the meta-analyses of both groups of studies (Pearson and
Spearman) are shown in the forest plots in Figures 10 and 11 below. For the Pearson group, the
summary effect is rp = .46 [.32; .58]. The summary effect for the Spearman group is rs = .27 [.21;
34]. These summary effects are perhaps small–moderate in magnitude. Given the heterogeneity
data and a visual inspection of individual study box and whiskers, there is substantial variation
among study effects. However, as I noted earlier on, although C-test use or type of decision is one
major way in which C-tests are repurposed across C-test studies, I think C-test use makes less
sense as a subgroup and would perhaps better serve as a moderator for subgroup analyses based
on the construct criterion-scores are intended to measure. In each of the meta-analyses shown here,
effects are computed on scores that operationalize very different constructs. Therefore, I believe
the heterogeneity is expected and that it would be unwise to read too much into these results.
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Figure 10. Random-effects meta-analysis (C-test use, component, no correction, Pearson).
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Figure 11. Random-effects meta-analysis (C-test use, component, no correction, Spearman).

4.3.3.5 Overall interpretations. My interpretations with respect to the meta-analyses of
effects when effects are grouped according to C-test use or the type of decision made on the basis
of C-test scores are plain. In retrospect, although individual C-test studies differ in terms of how
C-test users operationalize C-test and criterion-measure constructs and in terms of the decisions
made on the basis of C-test scores, I believe that a lot can potentially be learned about what C-test
scores measure by analyzing effects according to the construct of criterion-measure scores, but I
believe that C-test use is not a good basis on which to carry out subgroup analyses. In other words,
regardless of the extent of correction in C-test studies’ effects when broken down by C-test use,
there is substantial variation across effects—and why there would be variation makes sense.
Variation is likely due to, among other things, the different constructs that criterion-scores
measure, the different instructional and language-learning settings in which studies were carried
out, and so on. Therefore, I believe C-test would better serve not as a major subgroup category but
as a moderator for other subgroup analyses. For example, it could very well be that the variation
observed in the fully-corrected GLP subgroup’s effects is due to types of decisions made on the
basis of C-test scores. In the subsequent subgroup-analysis section, then, C-test use is not a
subgroup but is instead used as a moderator effects when broken down by criterion construct.
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4.3.4 Subgroup analyses
In this section, I report on the results of several meta-analyses after study effects are
grouped according to a subgrouping variable. In particular, I re-report the meta-analytic results on
the set of effects computed between C-test scores and criterion-measure composite scores when
there is correction for measurement error in both C-test and criterion-measure scores (the fullcorrection dataset); the subgroups for re-analysis were funding status, instrument reporting,
superitem treatment, and scoring method. When effects were grouped by criterion construct, there
were not always enough effects within each construct for additional subgroup analyses; therefore,
subgroup analyses are done sometimes within reading and sometimes within GLP subgroups. In
this section, I begin with a review of the potential for subgroup analyses, and then I report the
results for each re-analysis with the above four subgroups.
4.3.4.1 Potential subgroup-analysis categories. Although my original plan was to carry out
many moderator analyses across the differently corrected datasets, there were only two four
datasets that had enough effects for subgroup analyses after study effects were grouped by criterion
construct in the full-correction dataset. The criterion I used when deciding whether or not to carry
out a moderator analysis was that there had to be five study effects in each subgroup category after
grouping effects according to criterion construct. Although a meta-analysis can be carried out on
just two studies, Borenstein et al. (2013) note that “if there are only a few studies within subgroups
(say, five or fewer), then the estimates of τ2 within subgroups are likely to be imprecise” (p. 163).
My personal preference is to always err on the side of being conservative both in terms of the
choices I make when doing statistical analysis and interpreting results so as not to mislead the
naïve reader; therefore, each subgroup category had to have 5 studies to be a candidate for
subgroup analysis.
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Table 41 below summarizes the results of the search for eligible subgroup categories.
Within the full-correction dataset, study effects were first grouped by criterion construct and then
re-grouped according to subgroup categories listed in the “Variable” column. These results by
themselves are very telling about the state of the C-test literature for studies published in English.
In the fully corrected dataset, when study effects were grouped by subgroup category, only a
handful of subgroup categories had > 5 effects. When I first inspected the data, it appeared there
were several additional categories with > 5 effects (indicated by “()” in the table), however, after
controlling for the number of comparisons made within studies and multiple potential subgroups,
only four categories had two or more subgroups with > 5 effect; these were funding status,
instrument reporting, superitem treatment, and scoring method. Although differences in terms of
other subgroup categories could account for some of the between-study variation among study
subgroups—thereby providing a clearer window into the relationship between C-test scores and
scores on other measures—so few C-test studies are published in English that account for different
sources of error and clearly report aspects of the study’s setting, participants, C-test construction,
etc. that subgroup analyses are scant.
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Table 41. Review of potential subgroup-analysis categories
Category

Variable

General

Study focus

Report

Peer-review status



Publication type



Funding status



Instrument reporting



Data reporting



Setting

Instructional setting

Full correction
()

()

LOTE status



Majority language



Institutional level



Proficiency level



Use

Type of decision

()

Descriptives

Assumptions



C-test construction

C-test mode

()

Participants

C-test rule



Blank type

()


Portion
Basis
C-test development

()

Superitem



Scoring method



Score model



C-test origin



Text selection



C-test text order



NS pilot



NNS pilot



Note. The decision to include “Use” as a moderator category as opposed to a subgroup was a
result of meta-analyzing subgroups of studies based on the type of decision C-test scores were
used to support in primary C-test studies. For “Assumptions,” if any correlational assumptions
were discussed in a study, the study was coded as 1; if not, the study was coded as 0.
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4.3.4.2 Results and heterogeneity statistics for subgroup analysis. Results from the four
subgroup analyses are shown below in Tables 42–45. Because analyses were based on so few of
the original set of study effects, I do not want to risk over-interpreting study results; however, I
discuss results for which 95% confidence intervals for subgroup mean effects do not overlap. First,
among GLP effects in Table 44, a stronger relationship is seen between C-test scores and criterionmeasure GLP scores when researchers treat C-test passages as superitems (r = .85 [.62; .94] vs. r
= .98 [.96; .99]). The stronger relationship could be explained by researchers accounting for
dependencies between C-test blanks; however, another reason for the stronger relationship could
be that treating C-test passages as superitems is an indication of more statistical knowledge on the
part of researchers and, hence, differential, more sophisticated data treatment. Second, when
researchers use an exact scoring method, a weaker relationship is observed (r = .85 [.67; .94])
between C-test scores and criterion-measure GLP scores than when researchers do not report their
scoring method. A possible explanation for this finding (or the start of an explanation) could be
that stricter scoring protocols result in fewer restorations being marked as correct, thereby lowering
observed relationships.
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Table 42. Heterogeneity data for the “Funding status” subgroup analysis (GLP)
Code

k

r [CIs]

Q

C

T

T2 [CIs]

I2 [CIs]

None

6

.98 [.93; .99]

243.01

458.89

.72

.52 [.32; .73]

97.94 [.97; .99]

Not reported

5

.83 [.51; .95]

143.13

327.62

.65

.43 [.26; .70]

97.21 [.95; .98]

Table 43. Heterogeneity data for the “Instrument reporting” subgroup analysis (Reading)
Construct

k

r [CIs]

Q

C

T

T2 [CIs]

I2 [CIs]

No instr.

5

.58 [.21; .80]

38.67

264.29

.36

.13 [.06; .29]

89.66 [.79; .95]

Yes instr.

7

.81 [.64; .90]

179.61

634.45

.52

.27 [.18; .42]

96.66 [.95; .98]

Table 44. Heterogeneity data for the “Superitem” (super-k) subgroup analysis (GLP)
Construct

k

r [CIs]

Q

C

T

T2 [CIs]

I2 [CIs]

No super-k

5

.85 [.62; .94]

131.74

199.96

.80

.64 [.38; .99]

96.96 [.95; .98]

Yes super-k

5

.98 [.96; .99]

20.49

246.51

.26

.08 [.02; .18]

80.48 [.54; .92]

Table 45. Heterogeneity data for the “Scoring method” subgroup analysis (GLP)
Construct

k

r [CIs]

Q

C

T

T2 [CIs]

I2 [CIs]

Exact only

5

.85 [.67; .94]

133.50

298.05

.66

.43 [.26; .73]

97.00 [.95; .98]

Not reported

5

.98 [.96; .99]

20.49

246.51

.26

.07 [.02; .18]

80.48 [.54; .92]
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4.3.5 Assessment of bias
In this section, I re-analyze results according to the extent of correction in order to examine
the extent to which bias may or may not be present in the results. When I was searching for studies
to include in this dissertation meta-analysis, I used a variety of search strategies and search terms—
and I looked in every study channel I could think of—to locate and retrieve C-test studies. While
the search for individual C-test studies was comprehensive, there may still be systematic bias in
the results, stemming from publication and other sources of bias. I use three methods to examine
the extent of bias in study results: I look at forest plots in which study effects are arranged in
decreasing order of sample size, funnel plots, and effects over time. While the first two methods
are meant to examine publication bias, I also look at the trend in effects over time to see if effects
may have changed over time and/or if studies that report stronger effects are increasingly published
in certain publication outlets. I use these three methods within each set of corrected (i.e., fully
corrected, C-test–corrected, etc.) studies.
4.3.5.1 Forest plots by sample size. The first method I used to assess bias in results was
looking at the relationship between study effects and sample sizes. The forest plot in Figure 12
contains effects from the fully-corrected dataset in which effects were grouped by criterion
construct. In this case, effects were included from all subgroups and not just those in which there
were > 5 studies in each subgroup. In Figure 12, the effects have been re-arranged in order of
decreasing sample size; the weights are fixed-effects weights, but the distribution of effects is
similar to those analyzed with random-effects weights. If publication bias were present, we would
expect effects to approach r = 1.00 as the sample size decreases; studies with smaller sample sizes
would be published because they reported statistically significant or large relationships. In these
data, there does not appear to be any publication since effects are scattered irrespective of sample
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size. Forest plots were similar when effects were re-arranged in this way for all other meta-analyses
discussed in previous sections; only one is reported here as an example. So far, there does not
appear to be any bias in the sample most probably because the literature was searched so
extensively to include both published and unpublished study reports.
4.3.5.2 Funnel plot by standard error. The second method I used to assess publication bias
was to look at funnel plots in which study effects (Fisher-transformed) are plotted against their
standard error. Funnel plots for the different meta-analyses in which effects are grouped by
criterion construct (all subgroups included) are shown in Figures 13–17. If there is publication bias
in the results, then effects should be symmetrical about the mean (indicated by the vertical line)
towards the top of the plot, sparse in the middle of the plot, and largely absent from the bottom of
the plot. In most of the plots in Figures 13–17, effects are missing from the bottom of the plots,
which indicates that there could be publication bias in the included studies; in other words, studies
that report weak correlations (both statistically significant and non-significant) might be missing.
However, it could also be the case that true relationships between C-test scores and criterionmeasure scores are simply moderate–strong to begin with.
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Figure 12. Fully-corrected (criterion construct) arranged by sample size.

Figure 13. Funnel plot of fully-corrected data; standard error by Fisher’s z.
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Figure 14. Funnel plot of C-test–corrected data (component); standard error by Fisher’s z.
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Figure 15. Funnel plot of criterion-corrected data; standard error by Fisher’s z.
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Figure 16. Funnel plot of no–correction data; standard error by Fisher’s z.
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4.3.5.3 Effects over time. The third method I used to assess bias in study results was the
relationship between effect-size magnitude and publication year (see Trikalinos & Ioannidis,
2005). The purpose of this analysis is to see if larger effects are reported over time or if smaller
effects are increasingly reported. If smaller effects are increasingly reported, for example, the
increase could mean that there is a growing awareness in the field to report all results, regardless
of the magnitude of effects or the outcomes of statistical tests (e.g., p < .05). Within each dataset,
I examined the relationship between effect sizes and study year. Because assumptions for
parametric correlational analyses were not met, study years and effect sizes were analyzed with
Kendall’s τ. Effects were included from all studies in each dataset and not just those that had > 5
study effects per subgroup.
The results of the Kendall’s τ analyses are summarized in Table 46 below. All data violated
assumptions for parametric correlational analyses. There are two things were noting about the
results in the “Kendall’s τ” column. First, for the full- and C-test–correction datasets, there is little
to no relationship between effect size magnitude and publication year; in other words, there
appears to be little bias present in the meta-analytic results of these datasets. Second, there is
evidence of a weak, positive relationship between C-test publication year and effect-size
magnitude for the criterion- and no-correction datasets. These results could be an indication of
study bias, in that, over the years, studies in which researchers increasingly report larger effect
sizes are more likely to be published. However, these results could also be an indication of growing
methodological maturity in C-test studies; that is, over the years, C-test researchers have improved
their research practice, which, in turn, has resulted in larger effects (i.e., affected less by
measurement error, for instance). In summary, these data lead me to believe there is little to no
bias present in the results. However, I should note that one shortcoming of this temporal analysis
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is that I have not done anything to address potential changes in the precision of effect-size estimates
over time. In other words, it could be the case that, although there is not a relationship between
effect-size point estimates and study year, C-test users’ understandings of the relationship between
C-test scores and criterion-measure scores—and how to go about measuring constructs of
interest—could translate into better and better research practice (e.g., pilot-testing instruments,
better items to operationalize variables, larger sample sizes, etc.) that would then translate into less
within-study error and increased precision in estimating effect sizes.
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Table 46. Relationship between correlation coefficients and study year
Normality
Dataset

k

Outliers

Linearity

Year

Effect

Kendall’s τ

Full correction

32









.09

Criterion

38









.16

C-test

45









–.04

No correction

42









.20
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4.3.6 Reliability generalization
In this section, I report on a meta-analysis or reliability generalization (RG) of C-test scorereliability coefficients. I also report the results of subgroup analyses to determine the extent to
which differences in the ways C-test users construct and develop their C-tests potentially relate to
score-reliability estimates they obtain. Because reliability estimates are effect sizes, they can be
meta-analyzed like any other type of effect size. My purpose in meta-analyzing C-test reliabilities
is to provide a set of benchmark score-reliability estimates for C-test users who compute C-test
score reliabilities with different estimation methods to help guide their score-reliability
interpretations. I start out by providing a description of the initial dataset that was included in the
C-test reliability generalization, review a table of potential subgroup categories (categories with 4
or 5 effects per subgroup subgroup), and then discuss the results with construction and
development step differences as subgroup categories.
4.3.6.1 Reliability generalization description. The initial dataset that I included in the
reliability generalization included studies that reported C-test score reliabilities and enough
information about C-tests to correct for measurement error in those reliabilities. Corrections were
made to internal consistency estimates for test length; all C-test reliabilities were computed for a
100-blank C-test because a C-test with 100–150 blanks is considered ‘standard’ and 100 blanks
was the median number of blanks across C-test studies. A total of 111 studies, comprising 526 Ctest reliabilities, was part of the initial dataset.
A summary of C-test reliabilities is reproduced in Table 47. Results indicate that C-test
users use a variety of reliability estimation methods to compute C-test score reliabilities. While a
handful of C-test users use the Rasch model to compute person-separation reliabilities within itemresponse theory, most C-test users compute score reliabilities using classical test theory methods.
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Reliability estimates cannot always be compared or aggregated (cf., Plonsky & Derrick, 2016).
Different estimation methods assume data meet different assumptions and account for different
sources of error (e.g., due to items, raters, time-varying factors, etc.); therefore, in Table 47, higher
coefficients do not mean that scores are more reliable because the formulas used to compute them
(and the error in the scores) are different. Future C-test users should first decide which estimation
method to use based on their study’s design and the type of error they need to take into account
(see McKay & Plonsky, in press), and then they can use the reliabilities in Table 47 as a point of
reference for the estimation method they chose to use.
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Table 47. Median C-test reliabilities by estimation method
Coding item and responses

k (rel.)

Reliability estimation method
Coefficient α ...........................
Split-half .................................
Test-retest ...............................
KR-20 .....................................
KR-21 .....................................
Rasch person–separation ........
Intraclass .................................

83 (.89)
2 (.87)
3 (.73)
8 (.86)
12 (.88)
4 (.98)
1 (.99)

Note. Other methods, including inter- and intra-rater reliability methods were not included in the
filtered dataset used to compute median reliability estimates.
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4.3.6.2 Reliabilities subgroup categories. After corrections were made to C-test reliabilities
to account for test length (depending on the estimation method), I examined the extent to which
differences in C-test construction and development subgroup observed reliabilities. Therefore, as
a starting point, I first grouped reliabilities by estimation method and then re-grouped those
reliabilities according to different aspects of C-test construction and development (‘aspects’ are in
the “Variable” column). In Table 48, a “” means that there were at least 4 or 5 reliabilities for
different response options within each C-test construction and development variable. In other
words, if “C-test mode” had a minimum of 5 reliabilities for paper-based and 5 reliabilities for
computer-based response options, then a subgroup analysis with “C-test mode” as the subgroup
variable could be carried out. Data in Table 48 show that subgroup analyses were possible with
many internal-consistency (“IC”) score-reliability estimates (e.g., coefficient α, KR-20, KR-21),
and only a handful were possible with split-half (“S-H”) and test-retest (“T-R”) estimates. In these
data, response options such as “Not reported,” “Not applicable,” “Can’t tell!,” and “Other” were
excluded because, overwhelmingly, aspects of C-test construction and development were not
reported in primary studies.
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Table 48. Potential subgroup categories for RG analysis by estimation method type
Category

Variable

IC

S–H

T–R

P–S

IClass

Inter

Intra

C-test
construction

C-test mode















C-test rule















Blank type















Portion















Basis















Superitem















Scoring method















Score model















C-test origin















Text selection















C-test text order















NS pilot















NNS pilot















C-test
development

Note. “IC” = ‘internal consistency’ (coefficient α, KR-20, KR-21), “S–H” = ‘split–half,’ “T–R”
= ‘test–retest,’ “P–S” = Rasch ‘person–separation,’ “IClass” = ‘intraclass’ correlation coefficient,
“Inter” = ‘inter-rater’ reliability, and “Intra” = ‘intra-rater’ reliability.
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4.3.6.3 Subgroup analysis results. Results from the subgroup analyses on reliability
estimates are summarized in Tables 49–50. In Table 49, aspects of C-test construction were the
subgroup variables. In Table 50, aspects of C-test development were the subgroup variables.
Results from subgroup analyses were bootstrap-replicated 5000 times using the rcompanion
package (Mangiafico, 2019) in R. My goal in carrying out subgroup analyses with these variables
was to determine the extent to which the different ways C-test users construct and develop their
C-tests influence the reliability of the scores they elicit with those C-tests. Information from these
analyses can guide C-test users in making decisions in the course of their C-test
construction/development work to potentially maximize score reliability, which, in turn, will
influence study outcomes. In order, I review the results for the internal consistency estimates with
C-test construction aspects as subgroup variables, results for internal consistency estimates with
C-test development aspects as subgroup variables, and then results from split-half and test-retest
estimates.
4.3.6.3.1 Internal consistency: C-test construction. Results from the subgroup analyses
on internal consistency estimates with aspects of C-test construction as subgroup variables are
summarized in Table 49. Subgroup variables include C-test mode, C-test rule, blank type, deletion
portion, deletion basis, and whether or not C-test users considered C-test passages to be superitems
or not. For the “C-test mode” variable, score-reliability estimates are high, but estimates were
computed on only a few reliabilities for “CBT” and “Both PBT and CBT” modes, and so I will
very cautiously interpret these data to indicate that C-test scores are consistent across modes, but
additional evidence is needed from C-test scores obtained from computer-based C-tests. For the
“C-test rule” variable, interestingly, C-test scores appear to be more reliable when C-test users use
(and explore) alternate deletion rules, changing perhaps the deletion ratio, deletion starting point,
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etc. The “C-test rule” data were computed on quite a few reliabilities; although the difference in
reliabilities may not have many apparent, practical implications, more reliable scores will yield
more trustworthy estimates of other study outcomes (e.g., correlation coefficients). For the “blank
type” subgroup, although the number of reliabilities for response options varies, C-test scores
appear to be least reliable when elicited with C-tests that use a continuous, solid-line blank to
indicate deleted parts of words. For “deletion portion,” score reliabilities are similar (and 95%
confidence intervals overlap) regardless of whether the right- or left-hand portion of a word is
deleted; this would make sense, depending on the direction the C-test language’s script is written.
For “deletion basis,” C-test score reliabilities are higher when portions of words are deleted
according to characters, although these results are probably particular to the C-test language (e.g.,
since words in a Mandarin C-test cannot be deleted on a letter basis). Finally, scores are similarly
reliable when C-test users do and do not treat C-test texts as superitems.

224

Table 49. C-test construction subgroup analyses results for internal consistency methods
Variable

ESs

Rel.

CIlower

CIupper

272

.90

.89

.90

7

.89

.84

.94

11

.96

.87

.96

Canonical

242

.86

.85

.89

Alternate

156

.91

.90

.92

207

.89

.87

.89

Series of dashes

71

.91

.89

.92

Circles

15

.90

.90

.95

Right-hand side

357

.89

.89

.90

Left-hand side

26

.91

.87

.94

362

.89

.88

.90

16

.95

.94

.96

No

155

.90

.90

.92

Yes

139

.89

.85

.91

C-test mode
Paper-based (PBT)
Computer-based (CBT)
Both PBT and CBT
C-test rule

Blank type
Solid line

Deletion portion

Deletion basis
Letter
Character
Superitems
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4.3.6.3.2 Internal consistency: C-test development. Results from the subgroup analyses
on internal consistency estimates with aspects of C-test development as subgroup variables are
summarized in Table 50. For “scoring method,” reliabilities are similar regardless of the way Ctest users score their C-tests; 95% confidence intervals overlap for each scoring method. For “score
type,” reliabilities computed on factor scores are much more reliable than reliabilities computed
on total scores, percentages, or z-scores since these types of score are much cruder ways of scoring
performances (e.g., item-level information is not taken into account). For “C-test origin,” C-test
scores seem more reliable for C-tests developed for use in a study as opposed to adapted or adopted
from another source. For “text selection,” the number of reliabilities in each response option varies
considerably, but, tentatively, C-test scores could be more reliable if C-test users select passages
for inclusion in their C-tests by referring to different proficiency guidelines. For “text order,”
again, although there are different numbers of reliabilities for different response options, these data
suggest scores are more reliable when passages within C-tests are randomly ordered; this
information, too, is not surprising. Although C-test users sometimes claim that an easy–difficult
text order keeps lower-level language users motivated throughout the test, the fact remains that
many reliability estimation methods are inappropriate for responses elicited on speeded tests or
tests in which items are ordered by difficulty (see Traub, 1994), hence the lower effects. For the
“NS pilot” and “NNS pilot” subgroups, results do not suggest that scores are more reliable if first
piloted with NSs or NNSs.
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Table 50. C-test development subgroup analyses results for internal consistency methods
Variable

ESs

Rel.

CIlower

CIupper

197

.91

.87

.92

96

.90

.90

.93

9

.92

.92

.92

305

.90

.89

.91

Factor scores

30

.96

.95

.96

Percentages

18

.89

.87

.90

330

.90

.89

.92

Adopted from another study

91

.89

.89

.89

Adapted from another study

6

.85

.85

.88

12

.86

.85

.87

188

.89

.87

.91

Data from raters/experts

10

.94

.83

.94

Proficiency guidelines

18

.96

.94

.96

Skill-level descriptors

10

.90

.90

.90

Class or course level

15

.91

.75

.94

131

.84

.82

.85

8

.96

.94

.96

No

25

.92

.87

.93

Yes

100

.93

.92

.94

No

12

.92

.89

.95

Yes

143

.90

.86

.92

Scoring method
Exact answer
Alternate words/spellings
Alternate words and spellings
Score type
Summed scores

C-test origin
Newly developed

Item bank
Text selection
Own best judgment/impression

Text order
Easy to difficult
Random
NS Pilot

NNS Pilot
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CHAPTER 5: DISCUSSION
5.1 Overview
All in all, the results of the different sets of meta-analyses shed light on some aspects of Ctest research in applied linguistics, but they also point to areas in which C-test research could be
improved. My discussion of the meta-analyses’ results is organized into four major sections. In the
first section, I provide a summary of the main findings of this dissertation meta-analysis, and I
relate these findings to the original set of problems across C-test studies that I identified in this
dissertation’s first couple chapters. In the second section, I discuss the extent to which
interpretations on the basis of this dissertation’s findings can be generalized and to what and to
whom interpretations may be generalized. In the third section, I discuss implications of this
dissertation’s results for further and ongoing research. Finally, in the last section, I talk about some
of the methods that I had intended to implement in this research but that were not implemented; I
highlight several other shortcomings in this section, too.

5.2 Summary of Main Findings
My goal in this section is to boil down the results from the different meta-analyses that I
carried out and reported on in the previous section to provide a summary of some of this
dissertation’s main findings. In particular, I summarize the main results of the synthesis, including
the meta-analyses with criterion-measure construct and C-test use as subgroup variables; I also
summarize the results of the reliability generalization with aspects of C-test development and
construction as subgroup variables. Following a recap of the main results, I highlight what I believe
to be some of the real strengths and weaknesses in the overall dissertation as well as those in
subgroup and moderator analyses. Finally, I review several possible alternative explanations for
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interpretations on the basis of results and relate this dissertation’s main results to results reported
in two other studies.

5.2.1 Main results of the synthesis
The main results of this dissertation can be discussed with respect to stages in the metaanalysis of correlation coefficients and score reliabilities. I summarize the main results with respect
to the following major stages: subgroup analysis with the construct of criterion-measure scores as
the subgrouping variable, subgroup analysis with C-test use as the subgrouping variable,
moderator analyses in the criterion-measure construct and C-test use subgroup analyses, and the
reliability generalization. For brevity’s sake, I present a concise interpretation of the meta-analytic
results and limit my interpretations to those supported by the data I discussed in the results section.
5.2.1.1 Criterion construct. Based on the criterion-measure construct subgroup analysis,
three claims are supported by these results. First, although C-test researchers used different types
of correlational analyses to analyze C-test and criterion-measure scores, overwhelmingly, they use
Pearson’s r to analyze data; additionally, most comparisons are made between C-test scores and
scores on components of other language tests. For example, although some C-test researchers did
correlate C-test scores with scores on a placement-test battery, consisting of different sections
made up of items to tap different constructs, most correlated C-test scores with scores on just
components of the test battery (e.g., just scores on the listening component and the reading
component, separately). Second, regardless of the extent of correction for measurement error in
variables and correction for attenuation, C-test scores appear to correlate most strongly with scores
on GLP measures; this claim speaks to the ‘what C-test scores measure’ problem that pervades the
C-test literature. There are three caveats to this second interpretation of the trend in results: (1)
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because there were not always enough effects computed between C-test scores and scores on other
measures, such as grammar, listening, or speaking scores, C-test scores may, in fact, correlate more
strongly with scores on other, non-GLP measure scores; (2) the no-correction data—though not
the most trustworthy set of results, in my opinion—do buck the trend that was observed in
correlations in other meta-analyses; and (3), although the relationship was strongest between Ctest and GLP-measure scores, 95% confidence intervals do overlap between GLP-measure
summary effects and C-test scores as other-construct measures’ summary effects. This final caveat
(3) is key to note because it means that, as more and more C-test studies are published that report
correlation coefficients between different sets of scores, it could become clearer that C-test scores
correlate more strongly with GLP-measure scores, or it could also become clearer that C-test scores
do not; in other words, more meta-analytic data could indicate that C-test scores do not measure
any one construct (or multi-componential construct of a kind) more than they do any other. In the
full-correction, C-test–correction, and criterion-correction meta-analyses, the C-test–GLP
relationship was consistently strongest (and 95% confidence intervals frequently narrowest).
However, the C-test–GLP relationship was not strongest in the subset of no-correction study
effects. Finally, these results support the view that C-test scores measure a multi-faceted (or multicomponential) GLP construct; the relationship may be strongest between C-test scores and scores
on other GLP measures, but C-test scores do still correlate with measures on other, more unitary
construct-measure scores, such as scores on reading, vocabulary, and grammar tests, for instance.
5.2.1.2 C-test use. The meta-analytic results from the subgroup analysis with C-test use as
the subgrouping variable were perhaps the most underwhelming results of this dissertation.
Although I motivated C-test use as one of the two major ways in which C-test users re-purpose Ctests, framing C-test use in this way led me to carry out subgroup analyses with C-test use as a
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subgrouping variable. However, in the middle of the meta-analysis, I realized that grouping study
effects according to C-test use would inevitably lead to substantial heterogeneity among subgroups
of study effects because these effects were based on correlations between C-test scores and scores
on very different criterion tests. For example, it makes little sense to compute a mean effect
between C-test scores and scores on both listening and grammar tests, given the goals of my
dissertation. Therefore, I think the claim best supported by the C-test use subgroup set of metaanalyses is that C-test use would do much better not as a subgroup but as a moderator in moderator
analyses. For instance, I think it makes a good deal more sense to take the set of C-test–GLP score
effects and then examine the extent to which how C-tests were used influenced outcomes in
studies.
5.2.1.3 Subgroup analyses. Results of subgroup analyses with criterion construct as the
subgroup variable support only a couple weak interpretations. Subgroup analyses were based on
only 5–7 study effects per subgroup category when “funding status,” “instrument reporting,”
“super-item,” and “scoring method” were subgrouping variables. First, results from the “funding
status” subgroup analysis suggest that studies that do not state their funding status and that use
Pearson’s r to analyze C-test scores and criterion-measure composite scores record stronger
effects. This finding is not terribly informative since studies that do no report funding may also
have received funding, but, then again, they may not have received funding. Second, results from
the “instrument reporting” subgroup analysis suggest that studies in which authors make their
instruments available online or in an appendix and in which authors correlate C-test scores with
both reading and GLP component scores report stronger effects. 95% confidence intervals are
narrow for the GLP, instrument-reported subgroup category and do not overlap with those for the
reading, instrument-reported subgroup category; results, however, were based on only a handful
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of study effects. These data could be an indication that C-test users who make their instruments
available are more inclined to do so because they took pains to design and develop them, thereby
resulting in more reliable scores. Third, results from the “super-item” subgroup analysis suggest
that studies in which authors treat C-test passages as super-items report stronger effects; this result
is not terribly surprising because treating C-test passages as super-items moderately decreases
error due to dependencies between C-test blanks. Fourth and finally, studies in which C-test
researchers use an exact scoring method report weaker effects between C-test and GLP-measure
scores than researchers that do not report their scoring method; this final point is also not terribly
informative since researchers that did not report their scoring method may have also used an exactanswer scoring scheme. More evidence is needed to corroborate my interpretations of subgroupanalysis findings.
5.2.1.4 Reliability generalization. To my mind, some of the most interesting results came
through in the reliability-generalization meta-analysis in which aspects of C-test construction and
development were moderators. Information from the reliability meta-analysis sheds light on two
of the reliability-related issues that were identified across C-test studies: (1) the lack of C-test score
reliability benchmarks for different reliability estimation methods and (2) variation in the steps Ctest users take to construct and develop their C-tests. Results of the reliability meta-analysis
support several claims with respect to C-test score reliability and aspects of C-test construction
and development.
First, one major contribution of this dissertation is the provision of a set of C-test scorereliability benchmarks for different estimation methods. These benchmark reliability estimates are
reproduced below in Table 51. These values can help C-test users guide their score-reliability
interpretations in the course of their work. Users should also remember that a higher estimate does
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not forcibly mean that scores are more reliable; rather, estimates are different because they are
based on different formulas and take different sources of error into account (e.g., error from test
items, raters, coders, time-varying factors, etc.).
Second, these data also support the interpretation, at least in C-test studies published in
English, that C-test users have a preference for computing score-reliability estimates with classical
test theory methods. By far, the most commonly used estimation methods included internal
consistency methods, including coefficient α, KR-20, and KR-21. Few users in included C-test
studies use SEM, IRT, or generalizability theory (i.e., ‘modern’ measurement approaches) to
estimate reliabilities; a few users did use the Rasch IRT model to compute person-separation
reliabilities, which tend to underestimate score reliabilities.

233

Table 51. Median C-test reliabilities by estimation method
Coding item and responses

k (rel.)

Reliability estimation method
Coefficient α ...........................
Split-half .................................
Test-retest ...............................
KR-20 .....................................
KR-21 .....................................
Rasch person–separation ........
Intraclass .................................

83 (.89)
2 (.87)
3 (.73)
8 (.86)
12 (.88)
4 (.98)
1 (.99)

Note. Other methods, including inter- and intra-rater reliability methods were not included in the
filtered dataset used to compute median reliability estimates.
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Third, the results of the reliability generalization shed light on how different aspects of Ctest construction and development influence the reliability of C-test scores. Tentatively, I make the
following C-test score-reliability interpretations with respect to aspects of C-test construction and
development. Readers should keep in mind that the number of study effects in subgroup categories
sometimes varied substantially. Therefore, the following interpretations require additional support
from additional C-test research.



Reliabilities are similar regardless of the mode of administration.



Reliabilities are slightly higher when C-test users explore alternate C-test deletion rules
rather than stick to the canonical ‘rule of two.’



Reliabilities are slightly higher when C-test users use (language’s script permitting) a series
of dashes to indicate letters/characters/syllables that need to be restored.



Reliabilities are similar regardless of the portion of words that gets deleted (e.g., the righthand versus left-hand portion).



Reliabilities are similar regardless of whether or not C-test users treat C-test passages as
superitems or not.



Reliabilities are similar regardless of scoring method used.



The type of score has an influence on score reliabilities; reliabilities computed from factor
models are more consistent than reliabilities computed from summed scores or
percentages.



Reliabilities are slightly higher when computed from scores obtained from C-tests
developed for the research in question.

235



Reliabilities are higher when computed from scores obtained from C-tests comprised of
texts that were selected by considering proficiency guidelines.



Reliabilities are higher when C-test texts are randomly ordered as opposed to ordered by
difficulty.

5.2.2 Strengths and limitations
Like any study, this dissertation has its strengths and its limitations. In this section, I first
discuss what I believe to be the overall strengths of this dissertation. Then, I discuss limitations
with respect to the overall dissertation, the criterion-construct subgroup analysis, the C-test use
subgroup analysis, and the reliability generalization meta-analysis. While some limitations could
be considered minor, some limitations are more severe and limit the extent to which interpretations
can be generalized to other C-test research and populations of studies.
5.2.2.1 Strengths. I believe this dissertation has several important strengths. First, to the
best of my knowledge, this dissertation’s study-retrieval process has been one (if not the) most
comprehensive carried out in applied linguistics to date. Any study that mentioned the word “Ctest” anywhere in the text was retrieved and carefully considered to determine its relevance for
inclusion in the set of main analyses. Also, to the best of my knowledge, every possible search
channel was thoroughly explored, and the process of exploration was meticulously tracked in an
Excel spreadsheet and in FileMaker Pro (see “Retrieval tracking” spreadsheet at McKay, 2016).
Second, because the initial study-retrieval process was so comprehensive, bias appears to have
been reduced in the sample of study effects included in this dissertation; results from examining
forest plots in which effects are arranged in order of increasing sample size and the series of
Kendall’s τ correlational analyses between study effect size and year reveal little to no bias in the

236

sample of studies included in the main analyses. One caveat is in order: funnel plots did point to
an absence of studies at their bases, which could mean that studies in which authors reported small
or statistically non-significant correlation coefficients did not see the light of day. However, as I
noted in the publication bias section, there could have been few studies at the bases of funnel plots
because C-test scores correlate moderate–strong with other criterion-measure scores to begin with.
Studies included in the funnel-plot analyses, notably, were studies that reported correlations
between C-test scores and scores on listening, reading, grammar, vocabulary, GLP, vocabulary +
grammar (etc.) test scores; correlations computed between C-test scores and scores on “Other”
criterion measures were not included in funnel plots, which could account for some of the absence
of effects at funnel plots’ bases.
5.2.2.2 Limitations. Strengths aside, this dissertation does have limitations. I highlight
some of this dissertation’s limitations with respect to the dissertation as a whole, first, and then I
discuss limitations for subgroup and moderator analyses. In the interest of transparency (and for
my own integrity’s sake as a researcher), I report what I believe to be this study’s limitations rather
candidly.
The dissertation as a whole has a number of limitations. One of the biggest limitations is
that I only included C-test studies that were published in English. Anyone who knows anything
about C-test research knows that there is a considerable body of C-test research published in
German (see Grotjahn, 2016). Because I cannot use German, I chose not to include studies
published in German (or in any other language) because my time was limited to carry out this
dissertation and because I did not have the resources (time or money) to hire someone to read and
code studies published in other languages. However, I openly acknowledge that this dissertation’s
results will be biased and that interpretations can only be generalized to C-test studies published
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in English; therefore, I make all my data and study instrumentation available so that any willing
researcher (and German user) can download my data and instrumentation and add to if they want
to meta-analyze C-test studies published in German or any other language. Second, because I
corrected for measurement error at different levels and corrected for attenuation in observed
correlation coefficients, in the end, only a small portion of effects in the 239 studies including in
the main study-coding phase were actually included in meta-analyses; in keeping with reporting
practices documented in meta-analyses in other domains in applied linguistics (e.g., see just about
any other meta-analysis in the field), a lot of information in C-test studies crucial for carrying out
meta-analyses goes unreported. Third, at each and every level of subgroup analyses that I talk
about in the results section, heterogeneity statistics indicate moderate–substantial variability
among study effects; interpretations of the results of similar analyses may change as additional
studies and their effects are added to those in this dissertation, thereby changing the distributions
of effects and interpretations as to the nature of those distributions. Fourth, as I was careful to note,
subgroup analyses were, at times, based on a handful of studies and study effects; although I
believe some of this dissertation’s findings to be robust, some should still be considered with one
eyebrow raised. Fifth and finally—and in full disclosure—I need to re-analyze data after
discrepancies between coding decisions have been taken into account; results are, therefore, based
mostly on my own study coding. Inter-coder reliability statistics, however, are reported;
researchers can review the raw data from this study and the syntax used to carry out inter-coder
reliability analyses. Therefore, the dissertation as a whole has a number of limitations; some can
be mediated, but some are more problematic.
There are also limitations not at the whole-dissertation level but at the criterion-construct
subgroup level. There are two major limitations at the criterion-construct level. First, determining
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the construct that criterion scores measured depended on what researchers in C-test studies claimed
criterion scores measured. In most cases, researchers carefully selected a criterion test so that a
strong correlation between that test’s scores and C-test scores supported interpretations they were
making in the course of their research. However, at times, some researchers may have selected a
criterion test that ‘measured vocabulary’ or ‘measured grammar’ not because scores from that test
were used in any deliberate way to further a research agenda but purely but because doing so was
a box that needed to be checked. In some cases, then, researchers did not always carefully justify
their choice of criterion test or define the construct a criterion test’s scores measured. Second,
again, individual categories in subgroup analyses had varying numbers of effect sizes in them or
were based on small samples; therefore, as more and more effects are analyzed, distributions of
effects, summary effects, and the precision of individual and summary effects will certainly
change, thereby affecting how individual effects and their distributions are interpreted.
Similarly, another set of limitations pertains not to the whole dissertation, per se, but to the
C-test use subgroup analysis. In particular, there were two problems at this level of the analysis.
First, like the criterion-construct level of analysis, one problem was that analyses were done on
subgroups of studies that consisted of different numbers of effects. Therefore, as more and more
effects are analyzed (in future meta-analytic work, hopefully), interpretations about effects, their
distributions, and their precision will change, no doubt altering—at least somewhat—how results
are interpreted. Second, as I noted earlier, in the course of the C-test use subgroup analysis, it
struck me that C-test use would make much more sense not as a subgroup but as a moderator for
other analyses. In particular, although there were too few studies and study effects in this
dissertation to examine results with C-test use a moderator, in the future, hopefully, meta-analysts
can examine the relationship between C-test scores and criterion-measure scores and then see
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whether or not how C-test scores are used moderates those relationships. In my view, these are the
two biggest limitations of the C-test use subgroup analysis.
Finally, there are limitations in the reliability generalization. One limitation is that, in the
course of coding information in C-test studies, the study team made no effort to code anything at
all about the assumptions that scores should meet before using them to compute reliabilities (see
McKay & Plonsky, in press). For example, all other things constant, coefficient α is not a measure
of unidimensionality; rather, scores should be shown to be tau-equivalent (loading onto a single
factor) and errors uncorrelated before using it to compute reliabilities (see Raykov & Marcoulides,
2019). Information about the assumptions for reliability estimation methods is rarely reported in
L2 research, but scores should meet certain assumptions for reliability analyses just as they should
for inferential statistical tests. In its current state, too few C-test studies document reliabilityanalysis assumptions, but, as time goes on, meta-analysts would do well to document information
about assumptions in studies because lower reliabilities will necessarily lower observed effects. In
retrospect, I would have liked to have coded for information about reliability-analysis assumptions
to help bring an awareness of the need to examine assumptions to more in the field.

5.2.3 Similarities and differences with previous syntheses
The results of this dissertation share some commonalities with results reported in other
work in the field. In particular, I relate this dissertation’s results to the meta-analytic findings
reported in Watanabe and Koyama (2008) and to findings in Eckes and Grotjahn (2006). Other
meta-analyses have no doubt reported findings that can be used to establish useful parallel with
this study’s results, however, I believe these two studies are of particular relevance because
Watanabe and Koyama (2008) conducted a meta-analysis of cloze-testing studies, and Eckes and
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Grotjahn (2006) provide construct-validity evidence to support their statements that C-test scores
measure a multi-componential, GLP construct. I review each study and the similarities they share
with the results of this dissertation in turn.
5.2.3.1 Watanabe and Koyama (2008). Watanabe and Koyama (2008) is of particular
relevance for my dissertation because the authors conducted a meta-analysis of cloze-testing
studies. In their meta-analysis, Watanabe and Koyama (2018) conducted a research synthesis and
meta-analysis to do several things: collect information about cloze tests and cloze-test–taker
profiles, examine the effects of deletion pattern and scoring method on the reliability of cloze
scores, and examine the relationship between scores obtained by applying different scoring
methods to cloze-test responses. The authors report a number of findings that are similar to those
reported in this dissertation; examining the relationship between these studies’ findings is
important because it allows us to potentially move beyond interpreting results with respect to just
cloze test scores or just C-test scores but, maybe, to reduced-redundancy testing.
Several findings reported in Watanabe and Koyama (2008) are directly relatable to findings
I report in this dissertation. First, the authors report that, in the set of studies whose effects they
meta-analyzed, cloze-test researchers analyzed cloze-test scores using classical test theory internal
consistency reliability estimation methods; overall findings suggest that classical test theory
reliability estimation methods are popular not just among L2 researchers in certain applied
linguistics journals (see Plonsky & Derrick, 2016) but possibly also among users of reducedredundancy testing.
Second, the authors also examine whether or not reliabilities are different depending on the
ways cloze tests are scored, such as with exact- or acceptable-alternative scoring methods. They
report overall higher reliabilities for acceptable-alternative scoring methods in which responses
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must be semantically and/or grammatically acceptable. Similarly, in this dissertation’s results,
reliabilities were slightly higher (though, not by much, and the 95% confidence intervals for some
response categories do overlap) for acceptable-alternative scoring methods. Overall, then, reducedredundancy test users might, in future work, consider using acceptable-alternative scoring schemes
to increase the score reliabilities of tests they administer to students.
Third, the authors report an overall “lack of consistency in identifying learner
characteristics” (p. 120), including learners’ proficiency-related information. In this dissertation,
too (and as has been documented in many other meta-analyses), C-test–takers’ proficiency
information was either “Not reported,” and, even if that information was reported, the measure
used to elicit performances from learners on which to base proficiency decisions was “Not
reported.” Failure to report information about learner characteristics is particularly problematic for
reliability analyses because reliabilities are affected by score variances, and scores depend on testtakers; without detailed information about test-takers—including their proficiency information—
then it is impossible to determine the extent to which reliabilities may be similar or different on
account of differences in learner profiles. Finally, these reliabilities then influence things like
coefficients of correlation, which influence meta-analyses such as this one.
Fourth, the authors noted that cloze researchers in many of the studies they included in
their meta-analysis “lacked detailed descriptions of test designs, scoring information, descriptive
statistics, and reliability estimates for the tests” (p. 120). The same was true for studies included
in this dissertation. Overwhelmingly, the field of applied linguistics seems to be suffering from a
sort of scholarly sloppiness in which failure to thoroughly report can be forgiven provided
interpretations of findings are framed as being sufficiently noteworthy. Sloppy practice might
reasonably be given a pass should authors make their data available (see Cumming, 2014), but,
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unfortunately, that rarely happens either; in this dissertation, only three studies made any data
available. Thorough reporting in reduced-redundancy (and all) research is essential because if only
select information is reported, that information is biased and may lead researchers down paths of
ultimately probably fruitless inquiry.
Fifth, Watanabe and Koyama (2008) talk about the assumptions scores should meet when
computing certain reliability estimates from cloze-test scores. Although there are problems in the
authors’ discussion of several estimation methods, the fact remains that in cloze-testing research,
apparently, and in C-test research, certainly, authors rarely discuss the assumptions that scores
should meet for computing reliability estimates with certain estimation methods and the
relationship between score type, study design, and estimation method. For instance, if time-varying
factors are the greatest concern in a longitudinal study in which C-tests are administered at multiple
points in time, then internal consistency estimations are inappropriate because they take into
account error due to items; rather, researchers should use stability estimation methods (e.g., testretest, etc.) if not ‘modern’ measurement approaches to compute reliabilities. The need to address
score assumptions for reliability estimation methods is crucial because if scores do not meet
assumptions, reliabilities will be inaccurate.
5.2.3.2 Eckes and Grotjahn (2006). A second study that is particularly relevant for this
dissertation is the one by Eckes and Grotjahn (2006). Their study is a construct-validity study in
which they use the Rasch IRT model and confirmatory factor analysis to provide evidence to
support their claims that German C-test scores measure the same GLP as their Test of German as
a Foreign Language (TestDaF). The TestDaF is a standardized test designed for use with
international students who want to enroll in higher-education institutions in Germany, and it
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consists of components for reading, writing, listening, and speaking skills. There is one aspect of
Eckes and Grotjahn’s (2006) study that I want to relate to findings of this dissertation.
The one aspect is that the authors state that they believe C-test scores measure not a single,
unitary GLP construct but a GLP construct made of multiple components (Spolsky, 2001). Based
on this view, the authors note that C-test scores should correlate not just with scores on other GLP
criterion measures but with scores on other measures, too, such as grammar-test scores and
reading-test scores. In this dissertation, C-test scores correlated with not just GLP but did so fairly
strongly with reading-test scores, listening-test scores, and grammar-test scores. Therefore, results
from this dissertation do lend support to the claim that C-test scores measure a multi-componential
GLP construct. What is interesting is that, while Eckes and Grotjahn (2006) note that their German
C-test’s scores measure a similar GLP dimension as their TestDaF scores, GLP effects in this
dissertation were computed from scores on tests comprising a range of different ‘GLP constructs,’
not all of which were clearly defined, admittedly; however, the fact that the C-test–GLP
relationship was strongest across most levels of correction (excepting the no-correction metaanalysis data) in this dissertation provides support for the claim that C-test scores measure not just
a ‘TestDaF GLP,’ for example, but a GLP more broadly defined. To reiterate Eckes and Grotjahn
(2006), taken together, results from their study and this dissertation “provide converging evidence
for the suitability of C-tests as measure of general language proficiency” (p. 300).

5.2.4 Possible outlier explanations
In an attempt to explain some of the outlying results in the full-correction meta-analysis
with criterion construct as the subgrouping variable, I took a closer look at two studies. The two
studies I examined were Sigott and Köberl (1993) and Takemura (2001). In discussing each study,
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I first provide a summary of the study and then reflect on possible explanations as to why effects
in these studies were low-magnitude outliers in the full-correction meta-analysis. Of course, I
should note here that my reflections are purely speculative and are by no means meant to be
indicative of study quality. Additionally, the possibility certainly cannot be ruled out that these
low-magnitude outliers do not, in fact, provide a more trustworthy summary of the relationship
between C-test scores and criterion-measure scores; my attempt to shed light on possible reasons
behind their being outliers is, admittedly, apophatic.
5.2.4.1 Sigott and Köberl (1993). The first ‘case study’ C-test study that I examined to try
and understand why its effect was a low-magnitude outlier in the full-correction meta-analysis was
Sigott and Köberl (1993). In this study, the authors compare test-takers’ scores on C-tests with
those on X-tests, created by deleting not the second half of a word but the first half; the authors
claim that doing so results in a more difficult test that can be used to discriminate the performances
of higher-level language users. Additionally, the authors hypothesize that both the C-test and Xtest will correlate strongly with test-takers scores on other reduced-redundancy tests but not tests
whose scores measure reading competency beyond the sentence level; to shed light on this
hypothesis, the authors look at correlation coefficients between sets of scores and carry out a
principal components analysis between scores on reduced-redundancy tests and scores on tests that
measure above-sentence-level reading ability. The correlation coefficient reported in their study
that was included in the full-correction meta-analysis was one computed between C-test (i.e., not
X-test) scores and scores on the multiple-choice reading-comprehension test (COM); my
reflections pertain to only this reported effect.
Upon examining the study closer, I have several reflections as to why the effect may have
been a low-magnitude outlier in the meta-analysis. First, this study suffered from the small-N
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problem that is common in so many studies in our field; scores from only 16 students—all firstsemester L2-English learners—were included in their analysis. A correlation coefficient computed
on so few sets of scores would, of course, be less precise than a coefficient computed on scores
from many more students; therefore, it is possible that the reported coefficient was an outlier in
the series of possible correlation coefficients that could have been computed from scores with that
test-taker sample (see Cumming, 2014). In other words, all other things constant, a meta-analysis
of effects computed from scores elicited from that same sample could have resulted in a stronger
and more accurate summary effect; the reported coefficient could have been an outlier among those
possible effects. Second, very little information about students is reported in their study; the study
appears to be more of a short research brief, and so the extent to which authors could comment on
students’ profiles would certainly be limited. It is impossible to ascertain whether or not some
aspect of the student makeup could have resulted in a weaker correlation coefficient. Third, the
result of the authors’ principal component analysis13 of reduced-redundancy test scores with other
reading-test scores showed that C-test scores (and scores from other reduced-redundancy test
scores) loaded onto a different factor than those of the COM test; therefore, given this finding, it
is not un-surprising that a weaker relationship is observed between C-test scores and reading-test
scores (i.e., compared to C-test scores and X-test scores). This finding could account for the lowmagnitude effect included in the meta-analysis. Fourth and finally, little information
(acknowledging, again, that the study report was a short document) is reported about how study
authors treated scores used in correlational analyses. The structure of scores (e.g., percentages
versus latent-trait factor scores) could have resulted in a correlation coefficient that was a less
trustworthy summary of the true relationship between C-test scores and COM scores and the

13

The small-N problem would also apply to analyzing scores with factor analysis.
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relatedness of the constructs those scores measure. These are some of my reflections as to why the
Sigott and Köberl (1993) study’s effect could have been an outlier in the full-correction metaanalysis.
5.2.4.2 Takemura (2001). The second ‘case study’ C-test study that I examined to try and
understand why its effect was a low-magnitude outlier in the full-correction meta-analysis was
Takemura (2001). In this study, the researcher examines the relationship between L1 and L2
reading performance and whether or not L1 reading ability can translate to L2 reading ability as
students’ reading ability increases. The author correlates C-test scores with scores on the Sentence
Verification Technique (SVT; Royer, Greene, & Sinatra, 1987) test, whose scores are interpreted
as measuring reading comprehension. Takemura (2001) follows the rule of two in constructing the
C-test used in the study. The correlation coefficient computed between C-test and SVT scores was
the one included in the full-correction meta-analysis, and my interpretations are based on this one
coefficient.
Upon examining the study closer, I have one reflection as to why the effect may have been
a low-magnitude outlier in the meta-analysis. The SVT test is a test whose format is different from
the format of other tests whose items elicit reading comprehension (e.g., a reading passage
followed by a series of multiple-choice questions). The SVT test is comprised of a reading passage,
and the passage is followed by a number of statements about the meaning of text in the passage.
After reading the passage, learners are shown a series of four different types of statement; these
include statements in which the meaning of the text in the passage is retained (e.g., original
statements from the text and paraphrases) and statements in which the meaning of the text is
different (meaning changes and distractors). Test-takers read each statement and then select “Yes”
if the meaning is the same or “No” if the meaning is different. The reasons I suspect the C-test–
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SVT correlation coefficient might be lower is because SVT scores are interpreted as measuring
reading ability, and, in the study, reading ability is defined as the ability to understand sentences
(see Takemura, 2001, p. 40). It could be that the correlation coefficient is slightly lower than other
coefficients in the reading subgroup of the full-correction meta-analysis because C-test scores
measure something beyond sentence-level comprehension; instead, some researchers note that Ctest texts require readers to leverage a mix of micro- and macro-processing strategies to restore
portions of deleted words (see Babaii & Ansary, 2001). If C-tests require something beyond
sentence-level comprehension, and SVT scores measure sentence-level reading comprehension,
then this difference could explain why the correlation coefficient is a low-magnitude outlier.

5.3 Generalizability
My interpretations of the results I obtained in this dissertation can only be generalized to
the domains and types of research that were present in C-test studies that were meta-analyzed.
Therefore, looking at the descriptive information for the initial set of studies that were considered
for meta-analysis (section 4.2.3), interpretations of results should be constrained by the following
five parameters. First, interpretations cannot be generalized beyond studies published in English;
all studies that I included in this dissertation were published in English, and so nothing can be said
about C-test studies published in other languages (e.g., the many C-test studies published in
German [see Grotjahn, 2016]). Second, the research settings of C-test studies whose effects were
meta-analyzed were mostly SL and FL settings; little is known about C-test scores elicited from
language learners in immersion, bilingual, or first-language settings, for example. Third,
interpretations of results should be limited to learners in mixed programs, four-year universities,
and high schools; little is known about C-test scores elicited from learners at community college,
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technical and vocational schools, graduate-level programs, professional programs (e.g., nursing,
medicine, law, etc.), governmental programs, and private and intensive language programs.
Fourth, in cloze- and C-test research, still too little is known about the relationship between
learners’ proficiency information and C-test scores because learners’ proficiency ‘levels’ are
frequently not reported, and, if they are reported, the measure used to elicit scores to inform those
proficiency decisions is not reported. Finally, interpretations of results obtained in this dissertation
are best circumscribed to situations in which C-test users use C-test scores to inform proficiency
and placement decisions; too few studies were included in meta-analyses that used C-test scores
to inform other types of decision (and perhaps this is all too well since C-test scores were originally
intended to inform norm-referenced decisions [e.g., Klein-Braley & Raatz, 1984]).

5.4 Narrative Overview of C-test Research
My purpose with this section is to take a step back from the descriptive, meta-analytic, and
reliability information to try and describe the general state of C-testing research published in
English. In re-reviewing the results I have presented up until this point, several trends emerge.
These trends involve research integrity, the need for definitions, reporting practice, and
measurement concerns across individual C-test studies. Based on my interpretations of these
trends, I conclude this section by emphasizing the need for C-test users and language educators,
generally, to move beyond a checklist-based understanding of validity to one that involves
collecting evidence to support the claims we are making (see, for example, Kane, 2013; Norris,
2008; and Son, 2018, among others), and, in particular, re-visiting the evidence-collecting process
to support those claims each time decisions are made on the basis of test scores or test scores are
interpreted to measure a different construct (e.g., Chapelle, 1994).
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5.4.1 Research integrity
The first trend has to do with research integrity. One of the steps in Cummings’ (2014)
“eight-step new-statistics strategy for research with integrity” involves, in the reporting process
for a study, making “a full description of the research, preferably including the raw data, available
to other researchers” (p. 14). While there seems to be a general tendency to under-report many
aspects of the research process in the individual C-test studies included in this study, one area of
reporting that is particularly stark has to do with the sharing of instruments and data. About half
of the studies included in this dissertation made instrumentation available in an appendix or online,
and only three studies shared any data. However, sharing instrumentation and data is crucial to
scientific progress because doing so allows researchers to both extend and replicate findings to
provide additional evidence to support interpretations of studies’ results. Without this information,
(a) consumers of research studies have no choice but to rely on researchers’ interpretations of
results (and these may be more or less trustworthy) and (b) the extent to which improvements to
research practice can be carried out is limited because researchers may be left to collect new sets
of data or design new instruments for their work (and, during this process, new sources of error
may be introduced into scores).

5.4.2 The need for definitions
The second trend has to do with defining “C-tests” and all variables that are measured in
C-test studies. Other variables commonly measured in the C-test studies included in this
dissertation include proficiency, the C-test construct, and criterion-score constructs. First, many
studies were excluded in the main study-coding phase of this dissertation because what appeared
to be C-tests were not C-tests as they are known throughout the language-testing literature (e.g.,
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Bazzaz & Samad, 2011; Ebrahimi-Bazzaz, Samad, & Ismail, 2010). While it is understandable
that many authors would come up with shorthand test names for the sake of convenience and space
in published work, the term C-test has come to be associated with a particular type of test (i.e., the
C-test), and so authors should refrain from appropriating known terms and clearly defining novel
terms used in the course of their research (so as to avoid, for instance, the inclusion of their data
in meta-analyses). Second, in the latest version of the Journal Article Reporting Standards
(Appelbaum et al., 2018), the authors note that journal articles should include definitions of “all
primary and secondary measures and covariates” (p. 7). All too frequently in C-test studies,
researchers do not adequately define the constructs they intend to measure. Proficiency is one such
construct; C-test–takers’ proficiency level(s) were not reported in 135 studies included in this
dissertation, and, more importantly, measures used to elicit scores on which to base those
‘proficiency-level’ interpretations were not reported in 158 studies. The reporting of proficiency
information is particularly important for C-testing research, at its current stage, because some have
noted that C-test scores fail to discriminate among higher-level language users (see, for example,
Grotjahn, Klein-Braley, & Raatz, 2002 and Son, 2019); while it may be true that the more a
language user’s ability approaches that of a ‘native speaker,’ the more difficult it becomes to
disentangle the C-test performances of high-level users and ‘native speakers,’ evidence cannot be
collected to help confirm or cast doubt on this claim if test-takers’ proficiency information is not
reported. The C-test construct is another example; ‘C-tests measure general language proficiency’
has become a tagline that, owing to how frequently it appears in C-test studies, has apparently
given license to researchers to use C-tests without fully defining the GLP construct that they
believe C-test scores measure (I am guilty of such use in some of my own work [e.g., McKay &
Abedin, 2018]). A final example is the criterion-score construct; while many researchers might
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state what construct C-test scores measure (either in detail or in reference to the above tagline),
researchers must also state what their criterion test’s scores measure—it is not enough to define
one measured variable and then bypass defining the rest. My impression is that researchers who
correlate C-test scores with criterion-measure scores to obtain concurrent-validity evidence do so
more as a matter of routine than intention, a point to which I return at the conclusion of this section.

5.4.3 Reporting practice
The third trend has to do with reporting practice. Results from the dissertation make it clear
that information regarding numerous aspects of C-test research goes unreported. In particular here,
I want to discuss the reporting of information pertaining to test-taker profiles (including
proficiency information) and assumptions underlying scores for correlational and reliability
analyses. First, to re-iterate my discussion in the preceding section, researchers in most studies
included in this dissertation neglect to report test-takers’ proficiency level(s) and measures used to
elicit scores on which to base those proficiency-level decisions. Among others, there is one reason,
in particular, that I would like to highlight for why it is important to report proficiency information
with respect to test-takers. This reason concerns the need to develop a cumulative C-test field (see
Cummings, 2014). Without sufficient information regarding C-test–takers’ proficiency profiles, it
is impossible for researchers who conduct other studies to determine the extent to which test-takers
in their studies are similar; without this information, then, it is impossible to determine whether or
not results (e.g., score reliabilities) are similar or different for one study due to similarities or
differences in test-taker profiles in another study. The field will grow more rapidly if researchers
have enough information in C-test studies to compare and contrast findings and their
interpretations based on those findings with respect to test-takers. Second, too little information is
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reported in C-test studies about the assumptions scores are supposed to meet before being used in
correlational and reliability analyses. From some uncertain point in the field’s history, it has
become increasingly okay to report the results of analyses without discussing assumptions data are
required to meet to carry out those analyses; score normality was discussed in only 24 studies, and
only about 5 studies said anything about continuity, linearity, and the presence or absence of
outliers when reporting the results of correlational analyses. Non-reporting of assumptions is
crucial because it affects the extent to which research consumers can trust that interpretations made
on the basis of scores, analyzed with some analysis, are trustworthy. If data fail to meet certain
assumptions, and a particular (say, parametric) correlational analysis is done anyway, then the fact
is that results from those analyses will be less accurate, and, by extension, interpretations less
trustworthy. The same rationale applies to score-reliability estimates; while many understand that
the use of inferential statistical analyses require data to be meet certain assumptions, too few
understand that reliability estimation methods also require data to meet certain assumptions. (For
more on this topic, see Hu & Plonsky, 2018, October and McKay & Plonsky, in press).

5.4.4 Measurement practice
The fourth trend concerns measurement practice. Here, I discuss measurement practice
across individual C-test studies with respect to the test-taker sample and the different steps C-test
users take to construct and develop their C-tests. First, C-test researchers should report reliability
estimates for scores from each test-taker sample used in their study. Score-reliability estimates are
influenced by variance in scores, and this variance is affected by test-takers; therefore, given a
different test-taker sample, score variance will change and so, too, will reliability estimates
computed from those scores. It is troubling to note that, in many C-test studies included in this
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dissertation, score-reliability estimates are reported for C-test scores but not for the criterion scores
that C-test scores are correlated with; although this is speculative, my concern is that, when
researchers correlate C-test scores with scores from a known test (e.g., TOEFLTM), they believe
that, because that ‘test is valid and reliable,’ there is no need to report reliability estimates for those
scores. However, as I noted, score reliabilities are influenced by test-takers, and so eliciting scores
from even a known test—with a different test-taker sample—will result in different reliability
estimates. Therefore, it is imperative that reliability estimates be computed on each set of scores—
regardless of how well-known a test is—from each test-taker sample. Second, the results of this
dissertation have shown that score-reliability estimates and summary effects from the metaanalysis of correlation coefficients differ when grouped according to different variables; these
variables include the different ways that C-tests are constructed and developed. Scores are
influenced by different C-test construction and development steps, and, because scores are
influenced by these steps, so, too, will score variances be influenced and results from reliability
estimates and correlational analyses. Therefore, it is imperative that C-test users understand the
relationships between research practice (here, C-test construction and development aspects),
scores, results from statistical tests, and decisions made on the basis of results from those tests.

5.4.5 Making an argument
In this final section, I want to briefly conclude that all of the trends I just highlighted point
to the need to re-evaluate how C-test users approach validating interpretations they make on the
basis of information obtained from tests. This need can be met by shifting from a checklist
approach to test-score validation to one that involves collecting evidence to support interpretations
we make on the basis of test information (see Kane, 2013 and Norris, 2008, for example). Purpura,

254

Brown, and Schoonen (2015) talk about how, up until the late 1980’s, demonstrating ‘test validity’
involved working through a checklist—that is, collecting content-, criterion-, and constructvalidity evidence (or the “CCC approach,” as I refer to it; the testing equivalent of present, practice,
produce [or “PPP”]). However, the authors point out that, since Messick (1989), demonstrating
‘validity’ has moved away from a checklist approach to one that involves collecting evidence to
support interpretations we wish to make on the basis of test information). By emphasizing the need
for C-test users to create an argument for the interpretations they make, I believe many of the
issues associated with the above trends can be avoided. For example, if C-test users want to say,
“C-test scores are consistent for my population of test-takers,” then the process of collecting
evidence to support this claim would need to move beyond saying, “The C-test has been shown to
be valid and reliable,” to the need for users to estimate the reliability of the scores they obtain to
demonstrate that their scores are, in fact, reliable for their population of test-takers. Similarly, if
C-test users want to say, “We can use C-test scores to inform interpretations to place students in
our programs,” then users will need to collect evidence to demonstrate that C-test scores can be
used to make placement decisions. Trends in this dissertation’s C-test results seem to indicate that
many obtain information using a more checklist-style approach to validation, but I argue that many
of the issues associated with the above trends could be avoided if users shift from a checklist-style
approach to one that involves creating an argument to support interpretations they make.
Additionally, my interpretations of results and my recommendation that users move from a
checklist- to argument-style approach to validation emphasize the need for a new validity argument
each time scores are elicited from a different test-taker population or are used to make different
decisions and measure different constructs.
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5.5 Implications
My interpretations of the results of this dissertation meta-analysis have a number of
potential implications. This dissertation’s results have a number of implications both for practice
and for research. In my discussion of the practical and research-oriented implications that follows,
I ask that readers bear in mind the domains and types of research to which interpretations can be
generalized, which I talked about in the previous section.

5.5.1 Practical implications
Findings from this dissertation have a number of practical implications for different groups
of C-test users. In particular, I think this dissertation’s results have practical implications for
stakeholders in language programs, faculty that teach language-testing courses, and researchers
who use C-tests in the course of other substantive research work (i.e., as one tool in their study’s
research toolbox). Certainly, there are practical implications for other groups of test stakeholders,
but I limit my discussion to these user groups.
5.5.1.1 Program stakeholders. Stakeholders in language programs can consider using (or
continuing to use) C-tests to obtain scores to inform proficiency and placement decisions.
Although C-test scores correlated with scores on construct-specific criterion-measure scores, such
as grammar- and reading-test scores, because C-test scores correlated most strongly with GLP
scores, I would recommend that C-test scores be used to measure students’ GLP in language
programs. Program stakeholders that use C-tests for proficiency and placement purposes should
consider administering an additional GLP test, at least in the early stages of C-test use, in order to
examine the relationship between C-test scores and the other GLP test’s scores. Additionally,
program stakeholders should choose the type of reliability that will take into account the sources
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of error most likely to influence students’ C-test scores, determine the type of score or score model
to use (e.g., summed scores, factor scores, etc.), re-compute reliabilities to take into account the
numbers of items in their measures, and then examine the relationship between C-test scores and
the other GLP test’s scores, using an analysis best suited to the scores they obtain. The analyses
program stakeholders carry out will most probably depend on the level of test-development and
statistical expertise available in their programs. In terms of C-test construction, program
stakeholders should consider handing out hard copies of C-tests to test-takers, explore deletion
rules that are most appropriate for the language and language script in which the C-test is being
developed, and consider using a series of dashes for the type of blank (language permitting). In
terms of C-test development, program stakeholders should choose the scoring method that yields
the most reliable scores; stakeholders can—again, at least initially—use multiple scoring methods
to start and compare resulting score reliabilities. Depending on resources available, stakeholders
should consider developing their own, in-house C-test(s), compute factor scores from test-item
responses, order C-test texts randomly, and pilot their instruments.
5.5.1.2 Language-testing faculty. For faculty that teach testing courses, C-tests can be a
wonderful hands-on training tool for use with students. Faculty can use responses to C-tests to
examine how different scoring methods influence scores and score reliabilities, examine
dependencies in data (leading to correlated errors) and how those dependencies influence scores
and score reliabilities, compute score reliabilities using different measurement approaches and
estimation methods, and generate different types of scores and discuss score type with respect to
students’ abilities and test items. More generally, faculty can use C-tests with their testing students
to illustrate the many decisions that are made in the course of test design, development, and
analysis (see Norris, 2018a and Dörnyei & Katona, 1992).
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5.5.1.3 Researchers. Findings from this dissertation have a number of potential
implications for researchers who use C-tests as one tool in their research toolbox. Information
about the relationships between C-test scores and criterion-measure scores as well as C-test scorereliability benchmarks might be of most use for researchers. First, researchers should be cautious
when and the extent to which they interpret strengths of correlation between C-test scores and
other measure scores they use. For example, if researchers are in the throes of developing a new
reading test for some purpose, and those researchers choose to use a C-test to provide some
criterion evidence in support of claims that their reading test’s scores measure reading ability, then
they should be mindful that scores might only correlate ‘at a certain strength’ because C-test scores
seem to measure reading in addition to other constructs. Therefore, if they obtain a correlation
coefficient of r = .68, all other things constant, this correlation coefficient might be the most
accurate they will obtain because C-test scores only correlate at about this strength with readingtest scores. Second, researchers can use information in this dissertation to compare strengths of
correlation they might obtain and the set of C-test score-reliability benchmarks to compare their
C-test score reliabilities for the reliability type and estimation method they use; again, researchers
should bear in the mind their study’s design when choosing a reliability type and estimation
method and recall that estimates from different estimation methods are simply different (not
indicative of more or less reliable scores).
5.5.1.4 For all. The results of this dissertation have implications for all who use C-test
scores. In particular, results of this dissertation point to the need for C-test users to explore using
other measurement approaches to analyze C-test scores and other reliability estimation methods
within the classical test theory (CTT) (see McKay & Plonsky, in press). First, except for a handful
of researchers who analyzed C-test scores with IRT models, most researchers analyze C-test scores
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with classical test theory reliability estimation methods. While computing any score reliability is
better than computing none at all, the fact remains that CTT estimation methods are limited
because they account for only a single source of error (e.g., items, time-varying factors, raters,
coders, etc.). Researchers could consider learning generalizability theory (“G” theory) to account
for the many sources of error (items and learner fatigue and raters, etc.) that are, in reality, at play
in any given testing situation (see Thompson, 2003b). Alternatively, researchers could consider
learning to analyze scores with IRT models to determine not only how much of a given construct
is manifest in a group of learners’ responses but the extent to which items on a test elicit more or
less of a construct of interest (see Linacre, 2012). Second, within CTT reliability estimation
methods, results of this dissertation indicate that there is an overwhelming preference for internal
consistency methods, most likely because these methods can be used to compute reliabilities after
a single administration. However, these estimation methods require scores to meet certain
assumptions that are not always met. If scores vary in the extent they measure a construct,
researchers could use omega (ω) (McDonald, 1999). If items on a test are grouped by thematically
or by difficulty, researchers could use stratified α. If scores are not continuously structured,
researchers could use ordinal α. If scores are obtained from differently formatted items, researchers
could use standardized α. After factor analyzing scores, researchers can use maximal reliability
(Hancock & Mueller, 2001) in which items are weighted by their overall score contribution. Score
reliability estimates using these methods can be painlessly computed with packages in R, such as
with userfriendlyscience (Peters, 2018).
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5.5.2 Research implications
The findings of this dissertation also have a number of implications for both new and
ongoing research. In particular here, I want to highlight six ways in which the current research
could be extended and improved upon. These ways include meta-analyzing correlation coefficients
from C-test studies published in other languages, disentangling the GLP construct of effects
included in this (and other) meta-analyses, meta-analyzing effects computed between C-test scores
and other criterion-measure scores, examining effects within other instructional settings and with
learners at different institutional levels, and taking into account assumptions for correlational and
reliability analyses. Each of these possible extensions is discussed below.
5.5.2.1 Other languages. The findings of this meta-analysis would benefit greatly if effects
were meta-analyzed from studies published in other languages. A major limitation of this study is
that effects were only included from C-test studies published in English; however, the C-test
literature published in German (see Grotjahn, 2016) is extensive and would no doubt lead to more
robust—or different—interpretations of the results I talk about in this dissertation. Therefore, a
major ‘implication’ of this work is a call for some brave soul to take this dissertation’s results,
code, materials, apps, etc. and add to them the results from studies published in other languages.
Everything from this dissertation can be found at McKay (2016); all are welcome to it.14
5.5.2.2 The exact GLP construct. The findings from this dissertation could also benefit
from a meta-analysis of effects in which the GLP constructs of effects are more clearly defined.
One substantial finding of this dissertation is that C-test scores correlate most strongly with GLP
criterion-measure scores—regardless of the exact makeup of the GLP construct scores in

14

Sadly, I cannot share the actual FileMaker app itself, but I did make screenshots of each sheet of the app available.
I cannot share the actual app because, when I was uploading the app to FileMaker Cloud to share with the coding
team, I had to enter an encryption password (FileMaker asks you to enter about a dozen passwords). I forgot the
encryption password, and so I cannot download the FileMaker app to share.
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individual C-test studies measured. In other words, some C-test researchers stated that their
criterion-measure GLP scores measured a four-skills GLP in which the criterion test was
comprised of reading, speaking, listening, and writing components. However, some C-test
researchers stated that their criterion-measure GLP scores measured not just a four-skills GLP but
other, additional constructs, too. Therefore, with enough individual study effects, and with enough
information in individual C-test studies about the definition of the GLP construct scores measure,
another meta-analysis could be carried out in which the effects are grouped by GLP construct
definition. In this way, the nature of the C-test’s GLP construct could be further clarified.
5.5.2.3 Correlation with other criterion-measure scores. More work is needed in which
meta-analyses are carried out on effects computed from correlations between C-test scores and
scores on other criterion measures. In this dissertation, I noted earlier on that, while I interpret
results to mean that C-test scores correlate most strongly with GLP scores and then reading-test
scores, not enough effects were computed from correlations between C-test scores and, say,
vocabulary-, grammar-, and listening-test scores. While the magnitude of the C-test–GLP
relationship was strong, the fact remains that C-test scores could correlate more strongly with
vocabulary-, grammar-, and listening-test scores; the results from this dissertation by no means
rule out this possibility. Therefore, additional work is needed that examines the relationships
between C-test scores and scores that measure other constructs.
5.5.2.4 Instructional settings and institutional levels. Furthermore, the results of this
dissertation can only be generalized to certain instructional settings and institutional levels because
studies done in certain settings and with learners from certain institutional levels had their effects
meta-analyzed. Therefore, additional work is needed in which the relationship between C-test
scores and scores on other measures are examined in bilingual, immersion, and first-language
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settings and with learners outside of high school and four-year university settings. Additional data
from these settings and other institutional levels would serve to make the interpretations I make in
this dissertation more robust.
5.5.2.5 Correlation and reliability assumptions. Finally, another way that this dissertation
research could be benefitted is through additional C-test research that takes into account
assumptions for correlational analyses and those for computing reliabilities. For example,
reliabilities in this dissertation, mostly from internal consistency estimation methods, were
corrected, and these reliabilities were then used to disattenuate correlation coefficients, which were
then meta-analyzed; however, if scores in individual studies did not meet certain assumptions
before they were used to compute reliabilities, then the reliabilities are not the most accurate and
would then result in observed correlation coefficients that are also not the most accurate. Therefore,
to provide the most trustworthy account of the relationship between C-test and criterion-measure
scores, additional research is needed that takes into account assumptions that data (i.e., scores)
should meet for correlational analyses in addition to reliability analyses. Only when examinations
of assumptions are taken just as seriously as the steps in studies’ main analyses will we have
trustworthy interpretations of results.
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APPENDIX A: TABLE OF STUDIES INCLUDED IN THE ANALYSIS
Study ID

Short study name

1

Abernethy (2011)

2

Ágnes (2008)

4

Ahn (2014)

5

Ajideh & Mozaffarzadeh (2012b)

6

Al-bazi (n. d.)

7

Albert (2006)

8

Alderson et al. (1997)

10

Amma (2004)

11

Ammar (1995)

12

Andringa (2005)

14

Azimi (2016)

15

Babaii & Ansary (2001)

16

Babaii & Fatahi-Majd (2014)

17

Babaii & Moghaddam (2006)

18

Babaii & Shahri (2010)

19

Baghaei & Dourakhshan (2012)

21

Baghaei (2008b)

22

Baghaei (2011a)

23

Baghaei (2011c)

24

Baghaei (2013)

25

Baghaei et al. (2009)

26

Barnett (2013)

30

Bei (2010)

34

Boll-Avetisyan et al. (2016)

35

Boonsathorn & Kaoropthai (2016)

38

Brezina & Pallotti (2016)

39

Brummel (2012)

41

Cadierno & Robinson (2009)

42

Chapelle & Abraham (1990)
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Study ID

Short study name

46

Chihara et al. (1996)

47

Cohen et al. (1984)

49

Coleman (1994c)

50

Coleman (1994d)

51

Coleman (1995a)

52

Coleman (1996a)

53

Coleman (1996b)

54

Connelly (1997)

55

Cook (2012)

56

Counsell (2018)

57

Cvekić (2016)

58

Dai (2013)

59

Daller & De Jong (2009)

60

Daller & Grotjahn (1995)

61

Daller & Phelan (2006)

62

Daller & Phelan (2013)

63

Daller & Wang (2017)

64

Daller & Xue (2007)

65

Daller & Xue (2009)

67

Daller et al. (2003)

68

Daller et al. (2010)

69

Daller et al. (2018)

70

Dallinger et al. (2016)

71

Dam & Legenhausen (1999)

72

Dam & Legenhausen (2011)

73

Demiralp (2018)

74

Domke (2015)

75

Dörnyei & Katona (1992)

76

Dörnyei & Kormos (2000)

78

Dronjic (2008)
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Short study name

79

Dronjic (2013)

83

Eckes (2012)

84

Eckes (2017)

86

Esfandiari & Radfar (2017)

87

Fadaeipour & Zohoorian (2017)

89

Fadaeipour (2017b)

90

Farhady & Jamali (n. d.)

95

Gánem-Gutiérrez & Gilmore (2018a)

97

Gibbons & Ramirez (2004a)

98

Gibbons & Ramirez (2004b)

99

González (1998)

100

Grotjahn & Stemmer (1985)

102

Guigelaar (2017)

103

Harsch & Hartig (2016)

104

Hastings (2002c)

105

Havranek & Cesnik (2001)

107

Heo (2016)

112

Hiser (2010)

113

Hiser (2013)

114

Hohlfeld et al. (2004)

115

Hommel (2012)

116

Hopp & Schmid (2013)

117

Hopp (2007)

118

Hopp (2009)

119

Hopp (2010)

122

Huhta (1989)

123

Huhta (1996)

124

Ikeguchi (1998)

125

Ishihara et al. (1999)

126

Ishihara et al. (2000)
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Short study name

127

Ito (2000b)

128

Jafarpur (1995)

129

Jafarpur (1999a)

130

Jafarpur (1999b)

131

Jafarpur (2002a)

132

Janebi Enayat & Babaii (2018)

134

Jones & Smith (2014)

136

Kammasorn (2008)

137

Karimi (2011)

138

Kasparian & Steinhauer (2016)

139

Kasparian & Steinhauer (2017)

141

Kebble (2018)

142

Keijzer & Schmid (2016)

143

Keijzer (2007)

144

Keijzer (2013)

145

Khabbazbashi (2017)

147

Khodadady & Ghergloo (2013)

148

Khodadady & Hashemi (2011)

149

Khodadady (2004)

150

Khodadady (2007)

151

Khodadady (2012)

152

Khodadady (2014)

155

Kim & Rah (2016)

157

Kim, S. (2014)

158

Kim, S. et al. (2016)

159

Kinshi (2015)

160

Kiya & Ito (2017)

161

Klapper & Rees (2004)

162

Klapper & Rees (2012)

163

Klein-Braley (1985c)

266

Study ID

Short study name

164

Klein-Braley (1987)

165

Klein-Braley (1996a)

167

Klein-Braley (1997)

168

Klein-Braley (2002)

170

Kliesch et al. (2017)

171

Kniffka & Linnemann (2014)

172

Knowles (1990)

173

Kormos (1999)

174

Kormos (2000a)

175

Kormos (2000b)

176

Krekeler (2006)

177

Kusanagi et al. (2015)

178

Lee (2014b)

179

Lee (2017)

180

Lee-Ellis (2009)

181

Lehmann (2003)

182

Lei (2008)

183

Leusink (2017)

186

Lin et al. (2008)

187

Linnemann & Wilbert (2010)

188

Linnemann & Wilbert (2014)

189

Lundell & Lindqvist (2014b)

190

Maimone (2018)

191

McKay & Abedin (2018)

192

Mehotcheva (2010)

193

Meulman et al. (2015)

194

Miura (2011)

196

Mochizuki (1994)

197

Mochizuki (1996)

198

Mochizuki (1998)
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Study ID

Short study name

199

Moghadam & Pishghadam (2008)

200

Morinaga (2009)

201

Mozgalina & Ryshina-Pankova (2015)

202

Mozgalina (2015)

203

Murtagh & Van Der Slik (2004)

204

Murtagh (2003)

205

Norris (2004)

206

Norris (2006a)

207

North (1991)

208

North (1994)

209

Nowroozzadeh & Yamini (2002)

210

Ó Muircheartaigh & Hickey (2008)

211

Okada et al. (2009)

212

Opitz (2010)

213

Opitz (2011)

214

Opitz (2013)

215

Opitz (2016)

216

Öztürk (2012)

217

Pant & Vock (2007)

218

Park (1998)

219

Park (2017)

220

Pham (2018)

221

Piper (1983)

222

Pishghadam & Tabataba’ian (2011a)

223

Pishghadam & Tabataba’ian (2011b)

224

Plakolm (2012)

225

Plews (n. d.)

228

Porsch & Wilden (2017)

229

Prapphal (1994)

230

Raatz & Klein-Braley (1981)
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Study ID

Short study name

231

Raatz (1984)

232

Raatz (1985a)

233

Raatz (1985c)

234

Raatz (2002)

235

Rabadi (2015)

236

Rahimi & Saadat (2005)

237

Raish (2017)

238

Raish (2018)

239

Rashidi & Ghezlou (2015)

240

Reichert et al. (2010)

241

Riggs & Maimone (2018)

243

Roos (1994)

244

Rostamzadeh (2006)

245

Rouhani (2008)

246

Rupp (2008)

247

Saeedi et al. (2010)

248

Saeedi et al. (2011a)

249

Sarapuu & Alas (2016)

250

Sasayama (2018)

252

Schiffler (1992)

253

Schipolowski et al. (2014)

256

Schmid (2011a)

258

Schmid (2014)

259

Schulz (2006a)

260

Schulz (2011)

261

Sigott & Köberl (1993)

262

Sigott (2004)

263

Sigott (2006)

264

Simon (2000)

265

Son et al. (2018)

269

Study ID

Short study name

266

Song (2015a)

267

Song (2015b)

268

Spada et al. (2015)

269

Stemmer (1992)

270

Stranz-Nikitina (2016)

271

Sumbling et al. (2007)

273

Süßmilch (1984)

274

Suzuki (2015)

275

Tabatabaee-Yazdi & Baghaei (2018)

276

Takahashi & Takahashi (2013)

277

Takahashi (2008)

279

Takahashi (2010)

280

Takemura (2001)

282

Tavakoli et al. (2011)

283

Tetsuhito (2004)

284

Thirakunkovit (2016)

286

Trace & Janssen (2014)

287

Trakulphadetkrai et al. (2017)

289

Treffers-Daller (2013)

291

Veisi (2012)

292

Wang & Daller (2014a)

293

Wang & Daller (2014b)

294

Wang & Daller (n. d.)

295

Wolter (2002a)

296

Wolter (2002b)

297

Wright (1990b)

298

Yoshimura (2002)

299

Zeldes (2018)

300

Ziafar & Maftoon (2014)

301

Zydatiß (2012b)

270

Study ID

Short study name

302

*Spaventa & Williamson (1991)

303

*Kinshi (2018)

304

*Son (2018)

305

*Dostert (2009)

306

*Xu & Malone (2018)

Note. Values in the “Study ID” column are unique study identifiers, and the last five studies
were five of the six added during the main study-coding phase; Noma (1991) was excluded.
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APPENDIX B: TABLE OF STUDIES EXCLUDED FROM THE ANALYSIS
Please see my files at my website (McKay, 2016) for detailed source information.
Short study name

Reason for exclusion

Evidence

Agustin (1993)

Correlation coefficients are given in tables on page 88,
but I cannot tell what the abbreviations stand for.
Abbreviations are not introduced in the main text.

p. 88

Albert (2006)

Same as Ágnes (2008) (name difference in reference
entry). Data appear to be same as those reported in
2008 study.

p. 77

Al-Gahtani &
Alkahtani (2012)

Uses the word “correlation” in a more colloquial way,
not referring to a statistical analysis. No correlational
analysis was done between scores.

p. 25

Atai & Soleimany
(2009)

Authors report that the correlation coefficient between
C-test scores and scores on a proficiency test to be
“beyond .50” (p. 115). Only about two lines of
information relevant to the analysis; no correlation
coefficient is reported.

p. 115

Baghaei &
Motallebzadeh (2010)

Correlation coefficients reported for scores on
variables not measured in this study, specifically, but
in studies discussed in the literature review.

pp. 2–3

Bazzaz & Samad
(2011)

The C-test in question is a collocation test, which was
adopted from Al-Zahrani’s (1998) dissertation. The
collocation test is comprised of items that are
individual gapped sentences.

p. 160

Bazzaz (2013)

The C-test in question is a collocation test, which was
adopted from Al-Zahrani’s (1998) dissertation. The
collocation test is comprised of items that are
individual gapped sentences.

p. iv

Beh (1994)

The document is a summary of the author’s master’s
thesis; a correlation was supposedly carried out, but no
correlation coefficient is reported in the summary.

p. 123

Beigi et al. (2009)

Authors note that the coefficient of correlation
between C-test scores and TOEFL scores “exceeded
.50” (p. 146), but no exact correlation coefficient is
reported.

p. 146

Beinborn et al. (2014)

Correlation is carried out between sets of scores that
were both obtained from the C-test. In this study, the
number of answers for each C-test gap is correlated
with gap error rates.

p. 520
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Short study name

Reason for exclusion

Evidence

Beinborn et al. (2015)

Correlation is carried out between sets of scores that
were both obtained from the C-test. In this study,
correlations carried out between scores obtained from
leave-one-out analyses and C-test gaps and texts.

p. 6

Boonsathorn (2016)

Correlation carried out between CB-TEC and TOEFL
ITP scores, and parts of CB-TEC are S1- and S2-tests,
which are both C-tests. CB-TEC scores are composite
scores.

p. 3

Bradshaw (1990b)

Correlations carried out not with C-test scores but with p. 28
responses to questionnaire items about other aspects of
the C-test, such as anxiety in taking the C-test and the
time allowed to complete it.

Cabrera-Puche (2008)

The ‘C-test’ in this study is one version (version C) of
a grammaticality judgment test; there are also A- and
B-tests.

NA

Cheng et al. (2009)

Same study as Beigi et al. (2009); the order of authors
is changed.

p. 68

Cherciov (2011)

A correlation was carried out between Romanian and
English C-test scores; C-test scores not correlated with
scores on another measure.

p. 102

Cherciov (2013)

Author reports slope values for a linear regression
analysis; cannot aggregate with other correlation
coefficients.

p. 726

Coleman (1994b)

Author reports that C-test scores were correlated with
scores on A-level language papers and university
grades, but no coefficient is reported.

p. 23

Coleman (1995a)

Talks about “relationship” between C-test scores and
motivation (e.g.) but no correlation coefficient
reported.

p. 31

Daller (1995)

Correlational analysis done but done between scores
obtained from different C-tests.

p. 171

Dörnyei (1995)

A correlation is done between proficiency-test scores
and scores on other measured variables, but the
proficiency variable is a composite scale with C-test
scores being one component.

p. 72

Ebrahimi-Bazzaz et al.
(2012)

The C-test in question is a collocation test, which was
adopted from Al-Zahrani’s (1998) dissertation. The
collocation test is comprised of items that are
individual gapped sentences.

p. 234

273

Short study name

Reason for exclusion

Evidence

Eckes & Grotjahn
(2006)

Coefficient reported for correlation between factor
scores of different measurement models; models
included multiple measures.

p. 314

Eckes (2005)

C-test used but no correlation done between C-test
scores and scores on another measure; slipped through
preliminary screening stage.

NA

Erman et al. (2018)

Correlation coefficient the authors report in their study
is from Lundell and Lindqvist (2014b, p. 41).

p. 110

Fadaeipour (2017a)

Study appears to be the same exact study as
Fadaeipour (2017b); title is slightly different.

NA

Faure et al. (2004)

C-test scores supposedly correlated with scores on
another measure, but authors use the word “correlate”
in discussing trends in graphs.

p. 17

Fouser (1997)

Author states that C-test scores correlate well with
scores on other measures, but no correlational analysis
actually carried out.

p. 18

Gablasova (2012)

Study includes bilingual (Slovak–English) group;
correlations between C-test scores and other variables
broken down by scores obtained from elicited
responses counterbalanced in both L1 and L2. Not
sure if aggregating correlation coefficients across
languages meaningful.

p. 132

Galasso (2018)

C-test used but no correlation done between C-test
scores and scores on another measure.

NA

Ghodrati et al. (2014)

C-test scores correlated with responses to a problemsolving questionnaire; variables don’t operationalize
language proficiency.

p. 1095

Grotjahn (1986)

The correlation coefficient the author reports is the
one from Grotjahn and Stemmer (1985, p. 108).

p. 170

Hennebry et al. (2017)

The ‘C-test’ the authors use is a cloze test.

p. 288

Her (2007)

Uses the word “correlation” in a more colloquial way,
not referring to a statistical analysis. No correlational
analysis was done between scores.

p. 209

Hessel (2017)

C-test scores are a baseline proficiency measure, but
reported correlations are for proficiency gains between
T1 and T2.

p. 46

Hiser & Kiet (2015)

Correlations carried out between scores on individual
C-test texts; not all values reported.

p. 4
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Short study name

Reason for exclusion

Evidence

Hiser & Kiet (2016)

Correlations carried out between scores on individual
C-test texts.

p. 191

Höttecke et al. (2018)

Correlation done between C-test scores and individual
item scores on a physics test.

NA

Hoy (2011)

Author just describes C-test in the background
literature; the correlation coefficient is for correlation
between vocab test scores and cloze test scores.

p. iv

Huhta (1989)

Data reported in Huhta (1996); this study document is
from an old microfiche, making the study as a whole
difficult to read and specific data all the more so.

NA

Janssen-van Dieten
(1989)

The C-test in this study does not appear to be a C-test;
authors say C-test is anchor test, and anchor test
results in table 1 are broken down by skill.

p. 33

Kaan et al. (2015)

Not possible to tell which other proficiency measure’s
scores were correlated with C-test scores. Authors
report r = .37 for correlation between C-test scores
and other proficiency scores, but other proficiency
measures include a word-naming task and the Peabody
Picture Vocabulary Task

pp. 805,
826

Katona & Dörnyei
(1993)

Sample of 102 university students for whom data
reported in this study same sample discussed in
Dörnyei & Katona (1992).

Personal
email

Khodadady &
Dastgahian (2015)

Correlation coefficient that reported in Khodadady &
Ghergloo (2013).

p. 1040

Khoshaba (2004)

Same data as that reported in Al-bazi (n. d.).

pp. 57, 7

Khoshdel-Niyat
(2017b)

All correlations done not with scores on another
measure but with information in C-test, such as word
counts and sentence lengths.

p. 14

Kim (2016)

Authors report there being correlation between C-test
scores and scores on another measure, but no
coefficient reported.

p. 58

Klein-Braley (1996b)

Table of correlation coefficients is the same as that
reported in Klein-Braley (2002); other data are from
inter-C-test correlations.

NA

Klemmert (2008)

Authors interested in comparing scores (trait
equivalence) from paper C-test and scores from newer,
multiple-choice C-test.

NA
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Short study name

Reason for exclusion

Evidence

Li et al. (2018)

Authors report having done correlation between C-test
scores and scores on another measure, but no
coefficient reported.

p. 29

Lien (2003)

The C-test is a collocation test; reference to original C- NA
test format, but separate sentences used instead of
texts. Studies using similar C-tests were excluded in
the preliminary screening stage often because they
made no reference to C-test format but called their
collocation test a “C-test.”

Miura (2011)

Correlation coefficient is the one reported in study by
Ushioda (2001) (excluded at earlier stage).

pp. 20–21

Miyamoto (2017)

Regression carried out but no correlation between Ctest scores and those of another measure.

NA

Noma (1991)

C-test scores are not correlated with those on another,
criterion measure; C-test scores correlated among Ctest subtext scores.

p. 41

Norris (2004)

Data from Norris (2004) also reported in Norris
(2006a); criterion-score reliabilities from (2004) added
to (2006a) information, following feedback during
dissertation defense.

NA

Öztürk (2012)

No indication that the ‘C-test’ used in this study is an
actual C-test.

NA

Plieninger (2015)

Study reports on coefficient of determination for linear
regression with C-test and VST scores.

p. 41

Poret (2007)

Author claimed to have run a correlation between Ctest scores and questionnaire responses, but no
correlation data reported.

NA

Robinson & Nakamura
(n. d.)

Correlation done between C-test scores and path- and
verb-variation indices but no coefficient reported.

NA

Sato et al. (2013)

Two groups took C-tests; C-tests were in their L2s. Ctest scores for both C-tests, for both groups, seem to
have been correlated with self-assessment ratings.

p. 799

Schmid & Yılmaz
(2018)

Correlations done between scores on two C-tests (see
Figure 2A on page 12); no correlation with scores on
another measure.

p. 12

Schmid (2009)

Scatterplots in text, indicating correlation done but no
coefficient reported.

p. 226
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Short study name

Reason for exclusion

Evidence

Schmid (2011c)

Data intentionally modified for purposes of the book;
author says not to take them as actual, experimental
results.

p. 227

Sumbling et al. (2014)

Unclear how the author got four C-tests (see Table
16), but, for TE01 sample, there were five C-test
packs, each consisting of four C-test texts; C-test texts
across the five packs are labeled Text 1–20. Emailed
but did not hear back from psychometrician.

p. 82

Takahashi (2009)

Same data reported on in Takahashi (2008); one
additional variable, but same sample data.

NA

Tani (2013)

No correlation actually carried out; appears to have
slipped through preliminary screening stage.

NA

Tmehotcheva (2009)

Study summary; says CAF measure data will be
correlated with C-test data, but nothing reported about
correlational analysis.

p. 217

Treffers-Daller &
Calude (2015)

Reports having done correlation between C-test scores
and motion-use verbs, but no coefficient reported.

pp. 613–
614

Vedder & Benigno
(2016)

Correlation run between C-test scores and L2 learners’
lexical profiles.

p. 36

Note. The “Evidence” column contains page numbers that refer readers to the pages in excluded
studies where support for the “Reason for exclusion” can be found.
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APPENDIX C: FOREST PLOT OF C-TEST–CORRECTED DATA BY CRITERION
CONSTRUCT, ARRANGED BY SAMPLE SIZE (COMPONENT)
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APPENDIX D: FOREST PLOT OF C-TEST–CORRECTED DATA BY CRITERION CONSTRUCT, ARRANGED BY
SAMPLE SIZE (COMPOSITE)
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APPENDIX E: FOREST PLOT OF CRITERION-CORRECTED DATA BY CRITERION CONSTRUCT, ARRANGED BY
SAMPLE SIZE (COMPONENT)
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APPENDIX F: FOREST PLOT OF NO-CORRECTION DATA BY CRITERION CONSTRUCT, ARRANGED BY SAMPLE
SIZE (COMPONENT)
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APPENDIX G: METHODS NOT IMPLEMENTED
Several methods were not implemented in this dissertation. First and foremost, after all
coding decisions were made by the coding team during the main study-coding phase, discrepancies
among coders were not addressed. The inter-coder reliability for the main study-coding phases
includes codes from all five members of the coding team, but, for this dissertation, only my codes
were included in the analysis; my hope is that the inter-coder reliability data provide an indication
to the reader of how trustworthy my interpretations may be after reviewing inter-coder reliability
data. Discrepancies were not addressed due to time constraints. I have prepared several functions
in R to elicit exactly where there are discrepancies among coders; discrepancies will be addressed
prior to submitting parts of this dissertation research for publication. All data is at my website
(McKay, 2016). Second, the final version of this dissertation involved multiple rounds of rerunning analyses and updating results in tables. In an earlier round, after realizing that C-test use
would be better as a moderator category and not as a subgrouping variable, I decided not to update
that section of results with the most recent data from all five members of the coding team; I will
not be submitting this data for publication, and the results of meta-analyses with C-test use as a
subgrouping variable (as presented in the results section) do not make much sense anyways. Third
and finally, I was hoping to apply additional corrections to data before meta-analyzing coefficients;
however, in the end, no corrections were made to account for (a) range variation or (b) the
dichotomization of variables (see Schmidt & Hunter, 2015).
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