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ABSTRACT

Driven by the challenge of defining and measuring psychological attributes, this
thesis advances an instrument refinement method aimed at identifying “problem” facets
detrimental to construct validity. The method, labelled “Facet Benchmarking” (FB),
integrates theoretical and empirical steps and is intended to supplement established
scale construction approaches; it is part of the wider construct validation paradigm. FB
seeks to detect redundant and extraneous facets based on their inability to occupy a
unique part of the variance attributed to a given construct. An alternative, more
objectively derived representation of the construct is used to assess if the hypothetical
facets of a given measure fulfil this general criterion. That representation is a composite
extracted from systematically selected criteria, or outcomes, of the construct.

In this thesis, FB is examined across three investigations (three chapters) of
increasing rigour, each involving a different construct and data from multiple samples.
The first application of FB (Chapter 2) was based on existing data, gathered in
previous validation studies of the Trait Emotional Intelligence Questionnaire. Chapter
3 lays the psychometric groundwork for the second application of FB, addressing issues
of homogeneity and dimensionality of the relevant measures. These were measures of
dispositional mindfulness, the construct to which FB is applied in Chapter 4. The third
application of FB focuses on the General Factor of Motivation, a re-conceptualisation of
motivation proposed and validated in Chapter 5 (two measures were developed and
used for this purpose). The purpose of this final investigation (Chapter 6) was to
assess plausible alternative explanations for the method’s efficacy: domain
underrepresentation and common-method variance between facets and criteria. The

results from all three investigations of FB supported the efficacy and integrity of FB.



The implications are, therefore, discussed in detail in Chapter 7, along with

considerations for the method’s application and future development.
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CHAPTER 1: General Introduction
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Examining the substantive literature of a psychological construct, one often
encounters a diversification of psychometric measures as well as an overall plethora of
facets used to represent the construct. In some cases, the arrays of facets used to
represent the same construct diverge considerably (in quantity and/or types) and
correlations between measures are only weak or moderate (Baer, Smith, Hopkins,
Krietemeyer, & Toney, 2006; Brackett & Mayer, 2003; Matthias Ziegler, Booth, &
Bensch, 2013). It is then difficult to accept that all measures tap into the same
underlying attribute accurately, or evidence construct validity. The existence and use of
multiple measures complicates the comparison and aggregation of research findings,
particularly if these measures (and their underlying models) vary substantially. In
applied contexts, where psychometric assessment constitutes a major pillar of
comprehensive psychological assessments, measures of poor construct validity can
invalidate assessment results, impinging negatively on the individual assessed and
society at large.

The challenges associated with defining and measuring psychological constructs
have been noted for many decades. Psychometrics, the science of scale construction
behind psychological assessment, sets out to represent and measure psychological
constructs indirectly, based on their cognitive, affective, and behavioural manifestations
(Cronbach & Meehl, 1955; Raykov & Marcoulides, 2011). The focus on the
“observable” is the only gateway to studying and measuring psychological constructs,
and it is not clear when and if more straightforward methods will emerge (e.g., from
Neuroscience). This epistemological constraint is the fundamental reason why the
definition and measurement of psychological constructs is so challenging.

On the one hand, psychometric methods have shown invaluable utility in

advancing psychological research and applications. Considerable progress has been
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achieved over the years, and various paradigms (classical test theory, generalisability
theory, and construct validity theory), approaches (e.g., Cronbach & Meehl's, 1955,
nomological network and Campbell & Fiske's, 1959, multitrait-multimethod matrix),
and statistical innovations (e.g., factor analysis, structural equation modelling, and item
response theory), have enriched, and contributed to the advancement of, psychological
measurement. Still, the process of conceptualising and operationalising constructs
remains far from straightforward, and one must ask if the available psychometric
approaches and tools are optimal and sufficient. Like any other area of scientific
enquiry, psychometrics should be viewed as a self-learning system that grows with
theoretical, statistical, empirical, and technological advancements.

A core challenge with psychological constructs is how to define them and
accurately represent their domain of manifestations (construct domain), or to sample all
the relevant content. This process concerns Loevinger's (1957) notion of “substantive
validity” and is often facilitated by the explication of facets, especially where broader
constructs are concerned. Defining the construct domain (e.g., by specifying the facets)
to represent a construct and ascertain accurate measurement involves considerable
uncertainty (Costa & McCrae, 1998; Petrides & Furnham, 2001; Matthias Ziegler et al.,
2013), since an individual and objective criterion against which measures can be
evaluated does not exist for most constructs (Epstein, 1984; John & Benet-Martinez,
2000; John & Soto, 2007). Psychological constructs are inherently “fuzzy” and lack
clear-cut boundaries (Matthias Ziegler, Kemper, & Lenzner, 2015). However, as
explained later in this introduction, some of this difficulty stems from a lack of efficacy
of the contemporary scale construction approaches in evaluating facets and, specifically,
in screening out “problem facets” (i.e., facets that compromise the validity of a given

measure or representation). Consequently, they are unable to prevent the inflation in the
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overall number of facets and diversification of measures seen in the literature of many
(if not most) constructs.

This thesis describes and examines a new psychometric method for refining
multi-faceted assessment instruments. Instrument refinement has been defined as “any
set of procedures performed on an instrument designed to improve its representation of
a construct” (Smith & McCarthy, 1995, p. 301). On the one hand, it heavily overlaps
with scale construction, being applied during the original construction process, as post-
hoc modifications, as well as for repurposing instruments for a new use. On the other
hand, instrument refinement was historically neglected or lacked rigour and appropriate
procedures (Smith & McCarthy, 1995). Although primarily considered an operationally
focused endeavour, both instrument refinement and scale construction also have
broader, substantive implications for the conceptualisation and definition of constructs
(Cronbach & Meehl, 1955; Smith & McCarthy, 1995), as discussed in more detail in
Section 1.2. In fact, scale construction (measurement) has been defined as “a process of
building models that represent the phenomena of interest” (John & Benet-Martinez,
2000, p. 339).

Intended to supplement the contemporary approaches to scale construction and
refinement, the proposed method targets problem facets detrimental to construct
validity. It operates on the principle that problem facets are unable to occupy a unique
part of the target construct’s variance (t0 be delineated later in the present chapter),
using an alternative representation of the construct as a benchmark to assess whether a
measure’s facets fulfil this general criterion. Given its focus on facets, the method has
been termed “Facet Benchmarking” (FB). Since scale development and validation go
hand-in-hand with our understanding of psychological attributes (theory building), FB

also has direct implications for the development of construct representations and can
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help maximise the level of objectivity and minimise discrepancies in psychological
measurement.

To avoid any conceptual uncertainty, this introductory chapter first presents
definitions of key psychometric terminology used in this thesis that is often applied
differently between authors. Second, the current paradigm in psychometrics, construct
validation, is reviewed, featuring an overview of the existing approaches to scale
construction. Third, problem facets are conceptualised with reference to essential
guiding criteria a facet should satisfy (to qualify as a valid facet), and the limitations of
the established psychometric approaches in identifying these facets are described.
Fourth, the unique purpose of FB is described and its application is explained as a step-
by-step procedure. The final section of this introduction outlines the empirical chapters

of this thesis, which examine the efficacy and credibility of FB.

1.1. Definitions

The term dimension is used a technical synonym for “construct” or “domain”; it
connotes that a variable (e.g., extraversion) is distinct from other, mostly non-
overlapping variables, or dimensions (, e.g., neuroticism), rather than being the same
construct, or a subfactor thereof. However, a single dimension may still be multi-
faceted (as opposed to multidimensional). Especially in instances where the focal
construct is relatively broad, the construct domain is frequently represented by a set of
facets, which help ascertain that all relevant content areas are represented in a measure.
Similar to previous definitions (Costa Jr. & McCrae, 1995), facets are viewed here as
theoretically derived variables used to represent a single construct, which is reflected in
the facets’ common variance. Facets are interrelated variables that represent narrow and

homogenous subsets of affective, behavioural, or cognitive manifestations (in
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psychometric terms items) of a given construct. Statistically, facets are often modelled
as indicators of a latent construct or a first-order factor. The term subscale can be used
to refer to any type of composite score of a given measure other than the global
composite, including facet and factor scores. However, this term is reserved here for
scales that are part of the same measure, but which do not yield a higher-order factor, in

order to distinguish these variables from facets.

1.2. Psychometrics: Current Paradigm and Contemporary

Approaches

Scale construction, including refinement, is seen as a process of developing
theory, or measurement models, and vice versa; one cannot separate the two (John &
Benet-Martinez, 2000; John & Soto, 2007; Simms & Watson, 2007). As Smith (2005)
has stated succinctly: “to validate a measure of a construct is to validate a theory” (p.
413). This paradigm and process has become established as “construct validation”. A
central tenet of construct validation is that specific theories describing relations among
psychological processes be specified and the performance of the focal measure against
these theories be evaluated (Cronbach & Meehl, 1955; Strauss & Smith, 2009).
Alternative conditions for test validity were proposed by Borsboom, Mellenbergh, and
van Heerden (2004): (a) the attribute must exist, and (b) variations in the attribute must
causally produce variation in the measurement outcomes.

Construct validation spans the validation of both measures and underlying
theories, and it guides the development of new ones (Clark & Watson, 1995; Loevinger,
1957; Messick, 1995; Watson, 2012). Initially proposed by Cronbach and Meehl
(1955), the paradigm has been subsequently advanced and elaborated by others (e.g.,

Loevinger, 1957; Messick, 1995), who have proposed different phases of construct
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validation, each seeking to address different aspects of the process. For instance,
Loevinger emphasised construct validity as the superordinate concept (over specific
types of validity and reliability) and proposed construct validation as the general
framework for developing measures and theories. This framework is divided into three
phases (substantive validity, structural validity, and external validity) and continues to
guide scale construction in the present day (accessible practical guidance for applying
Loevinger's framework is given in Clark & Watson, 1995). Of note, construct
validation is considered a process that is ongoing and indeterminate, necessitating
refinement and replication (Cronbach, 1988; Grimm & Widaman, 2012; John & Soto,
2007; Smith & McCarthy, 1995; Smith & Zapolski, 2009; Watson, 2012).

Construct validation is a circular rather than linear process. It begins with a
theoretical process that focuses on the conceptualisation and definition of the construct,
and on the development of an initial item pool (Loevinger's, 1957, notion of substantive
validity). With implications for all other aspects of the construct validation process,
clearly defining the target construct and embedding it within a nomological network is
of utmost importance (Messick, 1995; Nunnally & Bernstein, 1994; Matthias Ziegler et
al., 2013; Matthias Ziegler, 2014b). This step often involves the explication of facets,
the focus of the present thesis. Once a satisfactory definition or representation has been
identified, scale developers proceed to the selection of items for the measure
(Loevinger's, 1957, structural validity phase), aiming for structural and discriminant
validity. Finally, associations of the scale score with measures of the same, related, or
entirely different constructs are examined to evaluate convergent, criterion, and
discriminant validity, respectively (Loevinger's, 1957, external validity phase), ideally
within a multitrait-multimethod matrix framework (Campbell & Fiske, 1959; Matthias

Ziegler et al., 2013). The primary focus of this phase is on evaluation, rather than
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construction. Nonetheless, results from both of the two empirical (internal and external)
phases can inform the validity and possible refinement of the operationalisation and
representation of the construct.

Domain sampling and definition, which is of concern in the substantive validity
phase, is mainly a theory-driven process, although often involving some form of
qualitative research. In contrast, various theoretical, qualitative, and quantitative
strategies for item selection (addressing structural validity) have emerged over the
decades, though they can all be classified into one of three categories: the rational-
intuitive, internal, and external approaches (Burisch, 1984; John & Benet-Martinez,
2000; Simms & Watson, 2007). Comparison studies of these approaches have generally
found them to be equally effective (Burisch, 1984; Hase & Goldberg, 1967). Although
excellent descriptions and guidelines for their application can be found elsewhere (e.g.,
John & Benet-Martinez, 2000; Simms & Watson, 2007), a general overview of these
approaches is imperative here. Prior to describing each approach, it is important to
stress that these categories of approaches are most wisely used in conjunction, given the
unique strengths and limitations of each. In modern psychometrics, the rational-
intuitive approach and the internal approach are nearly always involved, whereas the

external approach is used infrequently.

1.2.1. Rational-intuitive approach

The focus of the rational-intuitive approach (also known as deductive approach)
is strictly on theory and reasoning (very similar to the domain sampling procedures used
in the substantive validity phase). Items are generated and scrutinised on the basis of
theory, reflecting scale developers’ theoretical understanding of the target construct. In

conjunction with other approaches, the rational-intuitive approach maintains widespread
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appeal, featuring advanced qualitative methods. Examples include content analysis,
having experts rate the relevance and representativeness of items (Buss & Craik, 1983,;
Haynes, Richard, & Kubany, 1995), and seeking consensus from trained raters in order
to ascertain the construct fit of items and content homogeneity of facets (Harkness,
McNulty, & Ben-Porath, 1995; Smith & McCarthy, 1995). Some form of theory in
scale construction seems inevitable (Clark & Watson, 1995; Loevinger, 1957).
Pertinent types of evidence the approach aims to establish are content and face validity.
While measures based purely on this approach also tend to evidence decent convergent
validity, evidence for discriminant validity tends to be weak (Simms & Watson, 2007).
A general limitation of the approach is the unrealistic premise that the scale developer’s

understanding of the construct is correct.

1.2.2. Internal approach

The internal approach (also known as internal consistency or inductive
approach) concerns the identification of homogenous scales (factors) and factor
structure among items, thereby examining and establishing factorial and discriminant
validity. Naturally, the approach also addresses internal consistency at different scale
levels so as to remedy unnecessary error variance (Smith & McCarthy, 1995). It
involves techniques grounded in classical test theory, factor analysis, and item response
theory (Simms & Watson, 2007). The current trend and best strategy in evaluating and
improving structural models is comparative model testing (John & Benet-Martinez,
2000; John & Soto, 2007), which compares the model fit of theoretically plausible
alternatives. These models can differ in various respects, such as in the number of

factors or factorial structure (e.g., hierarchical versus correlated factors). Given its pure
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empirical basis, the approach is unable to label the extracted factors, which illustrates

the need for theory and integration with other methods.

1.2.3. External approach

This approach (also known as criterion-keying) focuses on criterion validity, by
selecting items on the basis of their ability to discriminate between a relevant criterion
group and a normal (control) group (i.e., groups differing on the target attribute). For
example, in a clinical context, items may be selected if they are able to discriminate
between groups of individuals differentiated by a clinical diagnosis, based on diagnostic
criteria. The discriminating items are then included in the scale. In terms of construct
validation, an attractive outcome of this approach is that criterion validity is
automatically built into the resulting measure. However, with item content being
virtually irrelevant, the approach has been criticised for its lack of theory in selecting
items (e.g., Loevinger, 1957), several of which may be conceptually unrelated to the
construct. It also is prone to producing heterogeneous scales, complicating the
interpretation of scores and impinging negatively on discriminant validity (Smith,
Fischer, & Fister, 2003). Yet, the selected items tend to exhibit large correlations,
indicating redundancy. Even though the sole use of the external approach can hardly be
defended, its utility is still recognised, particularly if used in combination with other

item-selection strategies.

1.3. Problem facets

1.3.1. Conceptualisation
As a first step towards conceptualising problem facets (and distinguishing them

from valid facets), it is imperative to define the criteria a variable should satisfy to
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qualify as a useful facet of a higher-order construct. Three basic criteria that a valid
facet should satisfy can be specified. Fulfilment of these criteria would render a
variable useful as a facet of a higher-order construct. On the other hand, failing to

satisfy any of these criteria would cast doubt on its validity as a facet.

Criterion A: A facet must tap into a homogenous set of psychological processes,
situated at the same level of abstraction as the other facets of the measure.
Specifically, a facet should represent a most specific set of psychological
manifestations, or attribute, of the construct, rather than a distant outcome
indirectly influenced by it (e.g., number of friends or romantic partners, highest
level of education achieved, or age of death), a higher-order factor between the
latent construct and facets (e.g., one of the 10 aspects of the Big Five, rather than
a facet; DeYoung, Quilty, & Peterson, 2007), or even an antecedent causal
variable (e.g., parenting style). This criterion is primarily addressed by theory

and basic, non-psychometric research.

Criterion B: A facet should share a non-negligible amount of variance with the
other facets (i.e., common variance). The reason is that unwanted sources of
variance, such as other dimensions or method and response biases (Podsakoff,
MacKenzie, Lee, & Podsakoff, 2003), could account for modest correlations
between facets and facet loadings on the latent composite. This criterion is the
focus of factor analysis. However, although often taken as such, the possession
of common variance is insufficient as the sole empirical criterion for the validity

of facets.
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Criterion C: A facet should occupy a unique portion of the variance attributed to
the construct of interest (i.e., common variance not covered by other facets
within the construct representation). This criterion remains unaddressed by the

existing psychometric approaches and is the main focus of FB.

As regards to Criteria B and C, two types of problem facets can be operationally
defined and referred to as extraneous and redundant facets. The best way to describe
these facets is with respect to their component variance, as graphically illustrated in
Figure 1.1 and Figure 1.2. Facets can have two types of systematic variance: reliable
common variance, which is due to the target construct and shared with the other facets,
and reliable specific variance, which is unrelated to the target construct (e.g., Smith et
al., 2003). In regards to the target construct, extraneous facets lack common variance;
their variance is due to sources other than the target construct, a violation of Criterion B.
Yet, extraneous facets may still share variance with valid facets, because of
measurement bias or specific variance (shared dimensions other than the target
construct). Redundant facets have common, construct-related variance, but this
variance is already covered more efficiently by one or more of the other facets within
the construct representation. In other words, redundant facets lack “unique common
variance” and, therefore, do not add to the representation of the construct (Criterion C).
In short, neither redundant nor extraneous facets represent a unique part of the construct

variance, given all other hypothetical facets.
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Figure 1.1. lllustration of redundant and extraneous facets with respect to their
component (i.e., common and specific) variance.
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Figure 1.2. Decomposition of common variance into unique and redundant common
variance.

Rather than contributing to the representation of the construct of interest, both

these types of facet compromise the construct validity of a model or measure, which
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will be reflected in the various empirically testable subtypes of validity (concurrent,
predictive, discriminant, etc.). Redundant facets lead to some manifestations of the
construct being overrepresented and, consequently, to an overall unbalanced
representation of the construct variance. Extraneous facets result in representations that
exceed the target construct’s boundaries, representing manifestations of other, non-
targeted dimensions.

The empirical effect of these facets is that they both compromise the validity of
the global composite systematically. Neither is uniquely representative of the target
construct and, hence, unlikely to occupy a distinctive portion of its variance vis-a-vis
the other facets. Consequently, the correlations of the total scale composite with
proximate, construct-relevant criteria are systematically, although not necessarily
always, lower than those of a composite without these facets (i.e., a composite
comprised exclusively of facets that occupy a unique portion of the construct variance,
which redundant and extraneous facets are lacking). The reason is that, without unique
construct variance, a facet is unlikely to predict unique variance in construct-relevant
criteria, with the effects of predictive and non-predictive facets averaging out when
combined into a global composite (Smith et al., 2003). Moreover, since extraneous
facets stretch the variance of the composite thought to represent the target construct into
other dimensions, they also impose construct-unrelated variance on the composite,

further compromising its validity.

1.3.2. Limitations of existing approaches in identifying redundant and
extraneous facets

A general, albeit less severe issue is that the existing scale construction

approaches and strategies are aimed at item selection and evaluation, rather than at the
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facet level. Nonetheless, to various extents, item-selection procedures can be, and have
been, applied to the evaluation and selection of facets (a detailed discussion and
guidelines are presented in Smith et al., 2003). Also, more substantive approaches
focused on the explication of facets and testing multi-faceted constructs have emerged
within recent decades (Carver, 1989; Chen, Hayes, Carver, Laurenceau, & Zhang, 2012;
Costa & McCrae, 1998; Hull, Lehn, & Tedlie, 1991). The key problem is that the
existing approaches are not instrumental in identifying redundant facets and, to a lesser
extent, extraneous facets, nor were they developed or intended for this purpose.
Specifically, it is argued here that none of the approaches reliably disentangle specific
variance and common variance, thus failing to detect all extraneous facets, whereas they
are entirely unable to disentangle common variance and unique common variance,
giving rise to redundant facets.

Although the rational-intuitive approach seems to encompass the largest number
of specific methods (e.g., content analysis, focus groups, and evidence-oriented
methods), coming up with an optimal representation of the construct based on theory
and reasoning alone is virtually impossible. Items or facets that appear to be
conceptually relevant may not represent variance attributable to the target construct.
Furthermore, as discussed, even thematically and empirically related facets may not
represent a unique aspect of the construct, relative to the other facets within the model.

The internal approach, which subsumes the variations of factor analysis, cannot
identify redundant facets, because it targets the common variance and fails to show
whether a facet occupies a unique part of the construct variance not already covered by
one or more of the other facets. In fact, redundant facets are prone to have inflated
factor loadings, leading to overrepresentations of certain manifestations of the construct

and their variance within the total composite. Further, although this approach may
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reveal many extraneous facets, it cannot identify them reliably. Factor loadings depend
on the hypothetical facets, the common variance of which is unlikely to represent the
construct accurately. If a set of facets represents the construct poorly, extraneous facets
are more likely to load on the latent composite. Also, extraneous facets are particularly
likely to be retained where low cut-offs are used, which is a problem, given that there
are no agreed-on criteria regarding factor loadings and communalities at which one
should retain items in Exploratory Factor Analysis (Gignac, 2009).

In contrast to the internal approach, in which items or facets are selected based
on their interrelationships, the external approach selects variables based on their ability
to predict relevant external criteria. A variable’s predictive ability has relevance for the
identification of redundant and extraneous facets, as these should not occupy any unique
variance linked to the target construct. However, the external approach is restricted to
attributes for which individuals at the low, or high, extremes of a given characteristic
can be somewhat objectively identified. Examples include extraverts and introverts,
who are relatively easy to detect, or people suffering a particular disorder, based on
diagnostic criteria. For many constructs, however, especially the fuzzy ones, there is
little agreement as to what characterises people at the extremes, which relates back to
the conceptual ambiguity of these constructs.

Smith et al. (2003) have discussed in considerable detail how these three item-
selection procedures are not only applicable at the more substantive facet level but can
also be enriched by means of incremental validity principles, with the aim of identifying
and retaining uniquely predictive facets. However, due consideration to the criteria to
be used for this purpose was not given. One major issue is that both facets and
individual criteria comprise specific variance, unrelated to the construct one is aiming to

operationalise. As a result, they can correlate due to sources other than the target
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construct. The issues involved in leveraging criteria for the purpose of assessing facets

will be described in more detail within the next section.

1.4. Facet Benchmarking

1.4.1. Purpose and Description

The purpose of FB is to provide an instrument refinement method that will help
advance the operationalisation and representation of psychological attributes, or the
construct validity of measures, by identifying redundant and extraneous facets. It
concerns the identification of these problem facets both within individual measures and
across multiple measures. Unlike the other psychometric scale construction approaches,
which operate at the item level (with implications for theory), FB primarily concerns the
representation of the construct domain, or substantive validity. It is intended to
supplement the existing psychometric approaches and, like the construct validation
paradigm as a whole (in which it is situated), best viewed as an ongoing and
indeterminate process. That is, for any given construct, repeated and varying
applications across samples will increase certainty in the identification of redundant and
extraneous facets.

Presently divided into five broad steps, FB seeks to uncover redundant and
extraneous facets based on the principle that they should not occupy any unique
variance of the construct, relative to other hypothetical facets. As discussed, the
common, construct-based variance of redundant facets is already occupied by other
facets, whereas extraneous facets do not overlap with the target construct.
Consequently, both types of facet compromise, rather than enhance, the representation
of the construct. Given its aims, FB also contributes to the construct homogeneity, or

unidimensionality, of individual measures, a key principle that is increasingly
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emphasised in the literature (e.g., Simms & Watson, 2007; Smith & Zapolski, 2009).
To quote Smith and Zapolski (2009), “the use of single scores to represent
multidimensional processes cannot be defended” (p. 95).1 Therefore, identification of
redundant and extraneous facets does not merely help optimise criterion validity; it
contributes to the overall construct validity, as evidenced by improvements in
convergent and discriminant validity.

The premise of FB is that an alternative representation of a construct can be
derived in a way other than using the measurement vehicles specifically developed to
assess it. If such a variable can be obtained, it can be used as a benchmark to examine
whether each of a construct’s hypothetical facets occupies a unique part of the common
variance. The problem is that individual criterion variables themselves are partial
indicators of a construct that do not represent the construct variance accurately; there is
no gold-standard criterion. Individual criteria that are theoretically influenced by the
target construct and commonly used to assess its criterion validity are unlikely to
qualify as a comprehensive representation (Cronbach & Meehl, 1955; Epstein, 1984;
John & Benet-Martinez, 2000).

Another problem with individual criteria is that they are often multidimensional
and cannot be expected to represent the construct variance exclusively (Smith &
Zapolski, 2009). Due to any specific variance that these criteria could bring into the
equation, there would be an increased chance of seeing predictive effects of extraneous
facets and, to a lesser extent, redundant facets. Moreover, it is realistic that some facets

correlate positively with a given criterion, while other facets of the same measure

! Practically, it is typical for the facets of a construct, or even the items of a
facet, to exceed the construct boundaries. The key point is that the score used to
represent a given construct is unidimensional, rather than representing multiple, weakly
related or even entirely orthogonal dimensions.
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correlate negatively with the same criterion (Matthias Ziegler, Danay, Schoelmreich, &
Buehner, 2010). Using multiple analyses involving a diversity of individual criteria,
therefore, would be no reasonable solution to representing the construct variance.
While using individual or multiple validation criteria is not instrumental for
identifying redundant and extraneous facets, a single variable that is representative of
the target construct’s variance can be derived from the shared variance of a
representative set of construct-relevant criteria, since these criteria are selected with the
construct as a reference point. Using a latent composite of a balanced set of criteria
appears to be a reasonable and practical solution to capturing the variance of a given
construct accurately. Theoretically, such a variable can be considered an alternative
representation of the construct; in practice, it may be generally best viewed as an
approximation of its variance, with its accuracy depending on the method of derivation
and knowledge about the construct already existing. Therefore, FB uses alternative
representations of the construct variance, derived from construct-relevant criteria, as a
benchmark to assess whether a facet occupies a unique portion of that variance (and
ultimately qualifies as redundant or extraneous). The five-step process of FB is

described next.

1.4.2. Application

1.4.2.1. Step 1: Derivation of representative sample of construct-relevant criteria
The first step of FB is to systematically derive a comprehensive sample of

construct-relevant criteria to be administered along with a multi-faceted measurement

instrument of the target construct to multiple samples. Given the aims of FB, it is

imperative to stress the importance of ascertaining reliable measurement of all facets.

Unreliability of facet measurement can attenuate the facets’ contribution within a
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measure; profound differences in reliability compromise the facets’ relative validity and
bias the overall results they produce when examined simultaneously (Smith et al.,
2003).

Step 1 requires determining and using an appropriate, systematic process of
selecting construct-relevant criteria. The composite to be derived from these criteria is
then used at Step 3 to assess whether each of the hypothetical facets occupies unique
construct variance. The challenge is to select a set of criteria with shared variance that
represents the construct variance comprehensively (i.e., not missing any parts) and
exclusively (i.e., not imposing variance unrelated to the construct). Both these
requirements inevitably involve a theoretical process (e.g., Ziegler et al., 2013), as is the
case for facet selection. However, achieving an exclusive construct representation, or
avoiding construct-unrelated variance, is considerably facilitated by the statistical
procedure described in Step 2, possibly coupled with a more straightforward process
surrounding criteria selection (compared to specifying facets). A criterion-based
construct representation that extends beyond the boundaries of the construct, thus, is
rather unlikely. The necessity of ascertaining a comprehensive representation can be
met by repeated application of FB to the same set of facets (i.e., replication), but
different, systematically selected sets of criteria for the purpose of deriving the
criterion-based construct representation. Hereafter, the term criterion-based composite
is used to refer to variables representing the shared variance of construct-relevant
criteria.

As far as the theoretical component is concerned, different sampling procedures,
or approaches to systematically deriving a representative set of criteria, are conceivable.
The generally envisioned approach uses variables that are conceptualised as proximate

(psychological) outcomes. These are variables representing affective, behavioural,
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cognitive processes that are directly linked to the construct and known to correlate in the
expected direction with well-validated measures of the construct; more distant or
indirectly-related criteria increase the chances of seeing unique effects of problem
facets, as they may not represent the target construct primarily and, thus, diminish its
representation accuracy. However, prior empirical correlations may not be necessary,
and other, more theory-driven or qualitative approaches (Matthias Ziegler et al., 2015)
may be incorporated in making these decisions. Another general principle that can be
confidently stated is that the number of criteria necessary to represent a construct varies
(positively) with the construct’s breadth and level of abstraction.

It seems neither feasible nor necessary to identify and administer all relevant
criteria, since many of them are likely to overlap in their common (construct) variance.
Ideally, one would obtain a representative sample of all construct-relevant criteria
without “duplicating” parts of the variance, thus aiming for a balanced representation; if
the construct variance is not balanced in the in criterion-based composite, or if the
constituent criteria are not balanced with respect to the construct variance, the common
variance would shift towards individual facets, which then dominate. While it may not
be entirely detrimental to have several unbalanced criterion-based composites, no single
criterion-selection strategy may guarantee a comprehensive and accurate representation
of the construct variance through the criteria. However, confidence in results will
increase with repeated applications of FB to the same set of facets, but different sets of
criteria, each derived systematically to aim for a comprehensive representation of the
construct variance. Replication using not only the same, but also different sets of
criteria is essential in order to identify any redundant or extraneous facets with
confidence. Especially if it is uncertain whether a given set of criteria represents the

construct accurately, repeated application of FB to multiple criterion-based composites,
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based on differing sets of criteria, is warranted—until it can be argued that the construct

has been fully represented across studies.

Trait Activation Theory

One particular consideration that is warranted during the process of selecting
criteria concerns situational moderators that may influence facet-criterion relationships.
For instance, the central tenet of Trait Activation Theory is that situational factors (e.g.,
job demands, distractors) influence the expression of personality traits and their
associations with relevant outcomes (Tett & Burnett, 2003). Supporting this theory,
research has shown that a given attribute can predict a certain criterion in some
situations, but not in others (e.g., Barrick & Mount, 1991). Thus, if one were to sample
very specific criteria from only some relevant situations, correlations of a valid facet
with the criteria could be systematically negligible (in a worst-case scenario), rendering
the facet redundant. It, therefore, is vital that the chosen criteria are either relevant
across situations (i.e., general) or systematically sampled from all conceivable situations

in which the construct manifests itself in some form.

1.4.2.2. Step 2: Extraction of criterion-based construct representation(s)

The second step is to conduct a Principal Component Analysis on the criteria
administered to each sample in order to extract the first principal component, or
criterion-based composite. Principal Component Analysis appears to be an appropriate
extraction method for deriving the criterion-based composite, although similar results
emerge for principal axis factoring in cases where commonalties are low (Fabrigar,
Wegener, MacCallum, & Strahan, 1999). Since principal components are linear and

orthogonal composites of the measured variables, accounting for all of their variance,
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successive components account for variance not already explained by preceding
components. In other words, where variables are theoretically derived to extract (as
opposed to identify) a single dimension, the first component will generally show
loadings of most (if not all) variables. By contrast, factors derived via principal axis
factoring are intended to explain the shared variance of observed variables, which is not
always best achieved by consistently high loadings on the first component. The
advantage of principal component analysis, thus, is that the first principal component
will generally yield a more accurate representation of the construct than the first factor
obtained from principal axis factoring.

Theoretically, a disadvantage of principal component extraction is that it
concerns the entire variance of among observed variables, including unique variance
and error variance. However, this is not necessarily a limitation in the context of FB,
since that variance will be subsumed under the last components extracted, or least likely
under the first. In any case, principal component extraction seems to offer the better
method than principal axis factoring for deriving the criterion-based composite.

Among all the empirical components that summarise the variance in these
criteria, the first is, in theory, the variable that represents the construct (variance),
because the criteria were selected using the construct as the reference point. Any
unrelated criteria (i.e., those that do not load on the same component as the others) are
identified and excluded in this process. FB can, thus, accommodate and, to some
extent, resolve differences in how researchers define the target construct as well as in
the criteria they consider relevant. Divergent criteria should exhibit low loadings on
this first component, varying primarily due to sources other than the target construct.
However, those criteria may still co-vary with the target construct, due to common-

method effects (Campbell & Fiske, 1959) and other reasons. Consequently, they can
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introduce construct-unrelated variance on this component, which would, in turn,
increase the chances of predictive effects for extraneous facets (or for the specific
variance of redundant facets).

In general, it makes sense to proceed with a generic, minimum loading of .30,
the common cut-off for scale items or facets. A pre-specified value is intended to foster
reliability and replicability of results. However, it may be unwise to strictly advocate a
specific cut-off, especially at this point, as elimination is a controversial issue that tends
to elicit concerns by reviewers and editors (e.g., Ziegler, 2014). This minimum loading
may change with further development of FB and, based on solid theoretical grounds,
may even be adjusted between areas of application. For example, very narrow criteria
that share relatively little variance with the construct are prone to be discarded at a cut-
off of .30, but they may still occupy a unique part of the construct variance not already
covered by other, possibly broader criteria. The important point is that the specification
of this cut-off is made a priori, guided by strong reason and theory.

Factor (component) rotation seems inappropriate in the context of FB, since the
aim is to ascertain loadings of theoretically relevant criteria on the criterion-based
composite, not to examine the structure of latent factors and, thereby, disguise more

accurate loadings.

1.4.2.3. Step 3: Identification of problem facets

Step 3 of FB examines whether each of the facets occupies a significant portion
of variance in the derived criterion-based composite and if the variance explained is in
the expected direction. Facets that fail to account for variance in this composite are
likely to be redundant or extraneous and should be excluded from the set of facets used

to represent the construct. The most straightforward statistical procedure for this
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purpose is to regress the criterion-based composite on the theoretical set of facets, using
statistical regression (also referred to as the stepwise method), with all hypothetical
facets entered at the initial step. Stepwise regression is the appropriate algorithm in this
instance, as it both removes (criterion: p > .05) and possibly re-enters (criterion: p <.05)
predictors one-by-one, based on their ability to account for unique variance in the
criterion-based composite. Facets will be removed from the analysis successively if
they do not explain unique variance in the criterion. In this process, the presence of
redundant and extraneous facets may initially help suppress the (significant) effects of
valid facets, although likely those with the least construct variance, contributing to their
removal at initial steps. Yet, the stepwise method re-enters facets removed from the
analysis at preceding steps if they gain their significant explanatory effect at later steps
(i.e., upon removal of redundant and extraneous facets).? Of note, betas in an
unexpected direction contradict how the facets concerned should behave theoretically
and are detrimental to construct validity. If present at the final step, the analysis is to be
repeated without such facets.

In sum, facets that always have non-significant beta weights across samples and
construct representations are redundant or extraneous. To account for chance effects,
facets that show significant betas on only rare occasions (e.g., less than 5% of the time)
and of negligible magnitude may also be considered redundant or extraneous. In order
to ascertain sufficient statistical power, the sample size should conform to accepted

standards and best practices (Kelley & Maxwell, 2003; Tabachnick & Fidell, 2007),

2 1t is improbably that valid facets are excluded as a function of suppressor
effects, which occur through combination of certain facets (e.g., redundant or
extraneous facets) with any other facets. Once redundant and extraneous facets are
removed, the valid facets should, by definition, regain their significant effect. To the
contrary, redundant and extraneous facets should lose their significant effects sooner or
later.
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some of which revolve around the number of independent variables (predictors). On the
other hand, research has shown that varying the sample size has relatively little
influence on the number of predictors in automated subset selection algorithms
(Derksen & Keselman, 2011).

Since the various automated selection algorithms have been heavily criticised
(for good reasons), it seems imperative to justify the application of stepwise regression
in this instance and explain why it does not constitute a limitation. A major concern is
that these algorithms lack theoretical basis, operating purely on some pre-specified
empirical criterion. In a typical research context, regression is used to answer various
questions examining the predictors of an important criterion of interest. In those
instances, it would indeed be unwise to rely on some automated selection procedure,
especially when using different types of predictors. In the context of FB, however, the
predictors are all of the same type (i.e., facets of the target construct) and the theoretical
criterion of interest is an empirical one (whether the facets occupy unique construct
variance); there is no theoretical order among the facets, and the focal question of
unique common variance can only be answered statistically. Stepwise regression, as
described above, can be used to address this question.

A second criticism concerns specifically the removal of predictors based on their
ability to predict the criterion. High intercorrelations among predictors are generally
considered problematic in multiple regression analysis, because they can compromise
the explanatory effects of individual predictors (Pedhazur, 1997). However, in
conjunction with the systematic removal of facets via stepwise regression, FB
capitalises on this principle in order to identify redundant facets. Essentially, high
intercorrelations mean that the predictors concerned are likely to explain (much of) the

same variance in the criterion, rendering some as redundant. Regardless of their
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intercorrelations with other facets, extraneous facets should never explain any variance
in alternative construct representations.

Another concern is that, given its multiple steps, the procedure is unduly
influenced by chance features of the data and, hence, that the ensuing models are
difficult to replicate. In testing multiple models, stepwise regression and is prone to
overfitting the data. FB fully accounts for this limitation by means of built-in
replication, conducted across the same and different criterion-based composites.
However, it does not require the same solution to be obtained across samples. The crux
are the predictors that never find their way into the regression models (final step of
model), which renders FB a conservative, yet reliable, method for identifying problem
facets. The problem of overfitting may be another desirable feature in the context of
FB; it maximises the number of significant predictors and, thus, renders FB a
conservative approach to detecting facets that fail to account for unique construct
variance. In the context of FB, stepwise regression seems highly appropriate for the
purpose of identifying facets that do not occupy a non-negligible part of the construct
variance represented by the criterion-based composite. The bottom line is that the
statistical limitations of stepwise regression are either not relevant to the questions FB
seeks to address (e.g., elevated R? values, atheoretical), or they are compensated and
justified by the design and particular focus of FB on non-significant predictors (e.g.,
replicability, chance effects, multicollinearity, narrow C.l.s, overfitting).
1.4.2.4. Step 4: Comparison of original and modified scale composites

The purpose of Step 4 is (a) to ascertain that no loss in construct validity
occurred as a result of removing any problem facets and (b) to get a general idea of the

magnitude of any improvement attained in construct validity. Hence, it also indicates
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what FB adds to the other approaches used in the development of psychometric
measures.

A modified scale composite is computed from facets showing significant
explanatory effects in at least one of the samples used, and then compared in its
association with the criterion-based composite derived at Step 2 to that of the original
scale composite. The criterion-based composite is used as a gauge for assessing the
relative construct validity of the original and modified composites. Since a composite
of all facets, including redundant and extraneous facets, averages predictive and non-
predictive facets, its correlation with the criterion-based composite should in most cases
be weaker than that of a modified composite encompassing predictive facets only (see
Smith et al., 2003, for a more detailed discussion of this effect). As long as no loss
occurs by their removal, evidenced by reduced associations with the criterion-based
composites, non-predictive facets should be considered for exclusion from the measure.
To compare correlations, Steiger’s Z test can be performed, using Syntax or a more
convenient external programme (FZT Computator; Garbin, n.d.).

Importantly, this step should not be regarded as the be-all-end-all gauge for
assessing the level of improvement attained; optimising the validity of measures and,
ultimately, advancing our understanding of the respective constructs is not the sole
advantage of FB. Even if the gain in construct validity is minimal, there are benefits in

terms of minimising the length of measures.

1.4.2.5. Step 5: Classification of non-predictive facets as redundant or extraneous
Step 5 serves to classify the identified problem facets as redundant versus
extraneous. Their associations with the modified scale composite, and optionally also

with the criterion-based composite, are examined. Consistently non-negligible
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associations will likely suggest that these facets are redundant, whereas non-significant

associations suggest that they are extraneous.

1.5. Summary and Thesis Structure

Although proven tremendously useful, the established psychometric approaches
are inadequate as far as the identification of problem facets is concerned. Specifically,
they are unable to identify redundant facets, which lack unique common variance
(relative to the other hypothetical facets), and extraneous facets, which have no common
variance whatsoever as regards the target construct. Presumably, this limitation
contributes to the diversification of measures and the plethora of facets seen in the
psychometric literature of many constructs. It also compromises the validity of research
findings based on psychometric measurement as well as assessment accuracy in
psychological applications. For example, redundant and extraneous facets weaken the
criterion validity of psychometric measures systematically.

An instrument refinement method, FB seeks to complement the existing
psychometric approaches to scale construction, focusing specifically on the
identification of redundant and extraneous facets. The method consists of a five-step
process that sets out to establish whether each hypothetical facet occupies unique
construct variance, relative to the other hypothetical facets of a given measure, a key
requirement of any valid facet that has hitherto been neglected. Furthermore, FB
classifies any problem facets as redundant versus extraneous, and ascertains that
construct validity does not diminish as a result of excluding these facets (construct
validity is theoretically always improved or maintained). Furthermore, FB is
instrumental in identifying invalid content in a measure that increases administration

time unnecessarily.
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Three empirical chapters of the current thesis present applications and
applications of FB, each in the context of a different construct. These chapters increase
in their level of methodological rigour and scrutiny of the method, as explained in the
respective parts of this thesis. Chapter 2 is a preliminary application of FB, based on
available data and applied to a measure of trait emotional intelligence. Chapter 3 lays
the psychometric groundwork for Chapter 4, which presents the first planned
application of FB, centred on the construct of dispositional mindfulness. Mindfulness is
currently one of the most heavily researched concepts in psychology and, for reasons to
be specified, it is well-suited for the purpose of examining FB. Chapter 5 presents the
development and validation investigation of a measure of a novel construct, the General
Factor of Motivation. The third application of FB presented in Chapter 6 was applied
to this measure. Finally, Chapter 7 presents a summary of the findings concerning FB,
as well as a discussion of their implications for research, theory, and applied
psychological assessment. The wider implications of FB are also explored and avenues

for future research on the method are proposed.
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CHAPTER 2: Application of Facet Benchmarking in the

Context of Trait Emotional Intelligence
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2.1. Introduction

A construct of contemporary interest that illustrates the challenge of representing
and operationalising constructs is emotional intelligence (EI). Much has been said
about what constitutes El, as is apparent from the diversity of EI models and
operationalisations. The divergence of research into the two increasingly distinct
subareas of trait EI and ability EI has brought some structure into the field. Petrides and
Furnham (2001) pointed to the fundamentally distinct nature of constructs based on
typical-performance, the predominant measurement method in the El literature, as
compared to those that are based on maximum-performance. But even when taking the
split between typical- and maximum-performance measures into consideration,
substantial discrepancies in how the construct is represented via structural models and
arrays of facets remain across measures (cf. Dulewicz, Higgs, & Slaski, 2003; Jordan &
Lawrence, 2009; Petrides & Furnham, 2001; Salovey, Mayer, Goldman, Turvey, &
Palfai, 1995; Schutte et al., 1998; Tapia & Marsh, 2006; Tett, Fox, & Wang, 2005); the
construct boundaries are far from agreed upon.

Trait El has provided a framework for reconceptualising self-report measures of
El initially supposed to assess cognitive emotional abilities, which they are hardly able
to measure (Freudenthaler & Neubauer, 2007; Paulhus, Lysy, & Yik, 1998). However,
the distinction of ability and trait EI goes beyond mere operational differences in
response format. For example, self-report measures based on Mayer and Salovey's
(1997) four-branch ability EI model do not seem to measure trait EI comprehensively,
as evidenced by their relatively weak construct validity compared to instruments
developed to measure trait EI specifically (Gardner & Qualter, 2010; Martins, Ramalho,
& Morin, 2010). By definition, trait El refers to a compound trait located at the lower

levels of personality hierarchies that integrates the affective aspects of personality
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(Petrides, Pita, & Kokkinaki, 2007); it does not encompass emotion-related skills or
abilities.

Trait El is also conceptually distinct from the construct of social intelligence,
irrespective of the method of measurement and conceptualisation of trait versus ability.
Whereas the former concerns primarily emotional aspects of personality, the latter
reflects how people interact with others (e.g., Petrides, Mason, & Sevdalis, 2011). Of
course, this does not preclude overlap in their sets of facets, since many specific
attributes integrate social and emotional qualities (e.g., aggression, assertiveness, and
empathy). The key point is these abstract and difficult-to-define constructs are
fundamentally distinct in their core. One would find considerably more
emotional/affective facets within a measure of trait El and more social/interpersonal
facets in a measure of trait social intelligence.

This study will examine FB in the context of trait El, as operationalised through
the Trait Emotional Intelligence Questionnaire (TEIQue; Petrides, 2009). The TEIQue
was designed to assess the construct of trait EI comprehensively and has hitherto
produced very promising results in terms of construct validity (Freudenthaler,
Neubauer, Gabler, Scherl, & Rindermann, 2008; Gardner & Qualter, 2010; Martins et
al., 2010). Its theoretical set of 15 facets was determined through a content analysis of
existing measures, retaining only those facets that were common across salient El
models. This unique approach captured the consensus among the existing models and
measures, possibly yielding a more accurate representation of the target construct than
other models. Evidence attesting that the TEIQue facets satisfy minimum standards for
factor loadings has accumulated across translations of the measure (e.g., Freudenthaler
et al., 2008; Martskvishvili, Arutinov, & Mestvirishvili, 2013; Mikolajczak, Luminet,

Leroy, & Roy, 2007).

50



Although the model underlying the TEIQue has withstood the test of time, it is
possible that some of the numerous facets on which it is based are redundant or
extraneous. In this preliminary application of the FB, data gathered in previous
psychometric studies of the TEIQue, including some of its translations (six samples in
total), were used. The data from each sample included measurements of various
construct-relevant criteria. This approach was deemed appropriate for this initial
investigation, as the criteria assessed across these samples were diverse and
representative of the four TEIQue factors. The principal components from the criteria
assessed in each of the samples were extracted in order to provide alternative
representations of trait EI (Step 2 of FB). These criterion-based composites were then
regressed onto the 15 trait El facets to identify any non-predictive facets (Step 3). A
composite comprising facets with predictive effects in any one or more of the six
samples was compared to the original 15-facet composite in terms of its associations
with the six criterion-based composites (Step 4). Lastly, facets that did not occupy
unique variance in any of the criterion-based composites were further examined to

classify them as redundant versus extraneous (Step 5).

2.2. Method

2.2.1. Samples and criteria

The data came from five cross-sectional studies (six samples), in which the
criterion validity of the TEIQue across different sets of criteria was investigated. The
samples were selected based on their relevance to the present investigation, as their data
comprised thematically related, proximate outcomes. Samples 1, 4, and 5 were Greek,
Spanish, and Georgian, respectively, whereas Samples 2, 3, and 6 were British. The

demographic characteristics of the six samples are summarised in Table 2.1. With the
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exception of Sample 5, additional details for the samples can be found in previously
published studies ( Gardner & Qualter, 2010; Petrides, Pérez-Gonzélez, & Furnham,

2007; Petrides, Pita, et al., 2007).

Table 2.1. Demographic Characteristics of Study Samples

Age (years) Gender
Sample (N) M SD Range Male Female
1% (271) 25.47 5.88 19-56 92 179
2° (193) 22.83 6.16 18-60 74 118
3° (151) 22.01 6.07 19-54 30 121
4° (202) 23.16 3.35 18-45 35 167
59 (179) 25,58  13.73 17-74 60 117
6° (288) 36.45 11.78 18-79 67 221

Note. Samples 1, 4, and 5 were Greek, Spanish, and Georgian, respectively.

3Petrides, Pita, et al., 2007. PPetrides, Pérez-Gonzalez, et al., 2007, Study 2. °Petrides,
Pérez-Gonzalez, et al., 2007, Study 3. Martskvishvili et al., 2011. *Gardner & Qualter,
2010.

The criteria are presented in Table 2.2, together with their corresponding
measures. These criteria are either entirely emotion-laden (e.g., depression, positive and
negative affect) or integrate emotional and social aspects of functioning (e.qg.,
aggression, coping styles, personality disorders, life satisfaction, alcohol-related

problems, loneliness). Importantly, the criteria considered across all six samples
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represent each of the four TEIQue factors (Well-Being, Self-Control, Emotionality, and
Sociability), as indicated in Table 2.2. Thus, they are suitable for deriving alternative

representations of the trait El variance, as required in Step 1 of FB.
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Table 2.2.

Criteria and Measures Used across Study Samples

Trait El factor

Variables Measures represented
Sample 1 Life satisfaction Satisfaction with Life Scale (Diener, Emmons, Larsen, & Griffin, 1985) WB
Rumination Emotion Control Questionnaire (Roger & Najarian, 1989) SC, SOC
Coping strategies Coping Styles Questionnaire (Roger, Jarvis, & Najarian, 1993) SC, EMO, SOC
Sample 2 Coping strategies Coping Styles Questionnaire (Roger et al., 1993) SC, EMO, SOC
Depressive symptomatology Center for Epidemiologic Studies Depression Scale (Radloff, 1977) WB, EMO
Depressogenic attitudes and Dysfunctional Attitudes Scale (Weissman & Beck, 1978) WB, EMO
beliefs
Sample 3 Aggression types Aggression Questionnaire (Buss & Perry, 1992) SC, EMO, SOC
Sample 4 Positive and negative affectivity  Positive and Negative Affect Schedule (Sandin et al., 1999; Watson, WB, SC, EMO,
Clark, & Tellegen, 1988) SOC
General depression Beck Depression Inventory (2nd ed.; Beck, Steer, & Brown, 1996; Sanz, WB, EMO
Navarro, & Vazquez, 2001)
Personality disorders International Personality Disorder Examination (Lopez-Ibor Alino, Pérez WB, SC, EMO,
Urdaniz, & Rubio Larrosa, 1996; Loranger, Janca, & Sartorius, 1997) SOC
Sample 5 General depression Beck Depression Inventory (1st ed.; Beck, Ward, Mendelson, Mock, &  WB, EMO
Erbaugh, 1961)
State and trait anxiety State-Trait Anxiety Inventory (Spielberger, Gorsuch, Lushene, Vagg, & WB, EMO, SOC
Jacobs, 1983)
Sample 6 Aggression types Aggression Questionnaire (Buss & Perry, 1992) SC, EMO, SOC
Social and emotional (family and Social and Emotional Loneliness Scale for Adults—Short form EMO, SOC
romantic) loneliness (DiTommaso, Brannen, & Best, 2004)
Eating-related problems Eating Disorders Diagnostic Scale (Stice, Telch, & Rizvi, 2000) WB, SC, EMO
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Alcohol-related problems Self-Administered Alcoholism Screening Test (Hurt, Morse, & Swenson, WB, SC, EMO

1980) WB
Subjective happiness Subjective Happiness Scale (Lyubomirsky & Lepper, 1999) WB
Life satisfaction Satisfaction with Life Scale (Diener et al., 1985)

Note. Sample 1 measures were administered in Greek, Sample 4 measures in Spanish, and Sample 5 measures in Georgian. El =
emotional intelligence; WB = Well-Being; SC = Self-Control; EMO = Emotionality; SOC = Sociability.
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2.2.2. Measures

All measures in this study were based on self-report, mostly using multiple-point
response scales.

Trait El

The full form of the TEIQue, which yields global, factor (4), and facet (15)
scores, was administered to all six samples. Samples 1 to 4 completed the initial
version (v. 1.00, 144 items), whereas Samples 5 and 6 completed the current version (v.
1.50, 153 items). Samples 2, 3, and 6 completed the TEIQue in its original language
(English), whereas Greek, Spanish, and Georgian translations were administered to
Samples 1, 4, and 5, respectively. The TEIQue was translated by the researchers who
conducted the studies (Martskvishvili, Arutinov, & Mestvirishvili, 2013; Petrides,
Pérez-Gonzalez, et al., 2007; Petrides, Pita, et al., 2007).

The four factors and their constituent facets are Well-Being (self-esteem, trait
happiness, and trait optimism), Self-Control (emotion regulation, stress management,
and low impulsiveness), Emotionality (emotion perception, trait empathy, emotion
expression, and relationships), and Sociability (assertiveness, emotion management, and
social awareness). Two facets (adaptability and self-motivation) have not been included
in any of the four factors, but contribute directly to the global score. More detailed
descriptions of the facets and factors can be found in Petrides (2009). The TEIQue
items are responded to on a 7-point Likert scale, ranging from 1 (disagree completely)
to 7 (agree completely). Internal consistencies at the facet level were predominantly
within a range of .70 to .80 across studies. Cronbach’s alphas for global trait EI ranged

from .81 (Sample 5) to .96 (Sample 6).

56



Criteria

A summary of the criterion measures and references can be found in Table 2.2.
The measures administered to Sample 1 were translated by the authors who conducted
the study. For Samples 4 and 5, the criteria were assessed with available translations of
the measures.

Sample 1. The Satisfaction with Life Scale (Diener et al., 1985) consists of five
items that yield a global life satisfaction score (e.g., “In most ways my life is close to
my ideal”’) measured on a 7-point Likert scale. Cronbach’s alpha in this sample was
.84.

The 14-item rehearsal subscale from the Emotion Control Questionnaire (Roger
& Najarian, 1989) was used as a measure of rumination (e.g., “I remember things that
upset me or make me angry for a long time afterwards™). Items are responded to on a 7-
point Likert scale. Cronbach’s alpha was .84.

The Coping Styles Questionnaire (Roger et al., 1993) consists of 60 items
assessing four coping strategies. Two of these (rational and detached coping) are
considered to be adaptive, and the other two (emotional and avoidant coping)
maladaptive. Items are responded to on a 4-point Likert scale. Cronbach’s alphas were
.81 (rational coping), .80 (detached coping), .84 (emotional coping), and .68 (avoidant
coping).

Sample 2. Sample 1 completed a Greek translation of the Coping Styles
Questionnaire, while Sample 2 completed the original English version. Cronbach’s
alphas were .82 (rational coping), .84 (detached coping), .83 (emotional coping), and
.68 (avoidant coping).

The Center for Epidemiologic Studies Depression Scale (Radloff, 1977) is a 20-

item measure of depressive symptomatology, specifically developed for use in non-

57



clinical settings. Respondents indicate how frequently they experience a range of
depressive symptoms during the past week (e.g., “I was bothered by things that usually
don’t bother me”). Items are responded to on a 4-point Likert scale. Cronbach’s alpha
was .92.

The Dysfunctional Attitudes Scale (Weissman & Beck, 1978) is a measure of
depressogenic attitudes and beliefs, based on a cognitive theory perspective and
consisting of two parallel 40-item forms. Using a 7-point Likert scale, respondents
answer each item according to how they think most of the time. Form A was
administered to Sample 2, yielding an alpha level of .87.

Sample 3. The Aggression Questionnaire (Buss & Perry, 1992) assesses four
distinct types of aggression. It consists of 29 items responded to on a 5-point Likert
scale. The four aggression scales, and their respective internal consistencies, are
physical aggression (.80), verbal aggression (.69), anger (.80), and hostility (.79).

Sample 4. The Positive and Negative Affect Schedule (Sandin et al., 1999;
Watson et al., 1988) was used to assess positive and negative affect. Each affective
dimension has 10 items that are responded to on a 5-point Likert scale. The alpha level
was .89 for positive affect and .85 for negative affect.

The second edition of the Beck Depression Inventory (Beck et al., 1996; Sanz et
al., 2003) was administered to this sample. It measures the severity of depression and
consists of 21 items that are responded to on a 4-point Likert scale. The alpha level was
87.

The International Personality Disorder Examination (Lopez-Ibor Alifio et al.,
1996; Loranger et al., 1997) has a semi-structured interview format aligned to the ICD-
10 and DSM-IV criteria. Typically used as a screener, this instrument comprises 77

dichotomous true-or-false items that produce scores representative of 10 distinct
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personality disorders. Alpha levels were generally low to moderate, ranging from .32
for Schizoid to .67 for Avoidant.

Sample 5. The first edition of the Beck Depression Inventory (Beck et al., 1961)
was administered to Sample 5. Like its successor, which was administered to Sample 4,
this edition measures the severity of depression and consists of 21 items that are
responded to on a 4-point Likert scale. The alpha level was .81.

The State-Trait Anxiety Inventory (Spielberger, Gorsuch, Lushene, Vagg, &
Jacobs, 1983) comprises 40 items, which are based on a 4-point Likert scale and
represent two types of anxiety: state and trait anxiety. Accordingly, scores can be
derived for both state and trait anxiety, which had alpha levels of .85 and .81,
respectively.

Sample 6. The Aggression Questionnaire (Buss & Perry, 1992), as described in
Sample 3, was also administered to this sample. The internal consistencies were .71 for
physical aggression, .65 for verbal aggression, .66 for anger, and .69 for hostility.

The Social and Emotional Loneliness Scale for Adults—Short Form (DiTommaso
et al., 2004) contains 15 items that are responded to on a 7-point Likert scale. The items
are evenly distributed across three subscales assessing family loneliness (o = .89),
romantic loneliness (o = .96), and social loneliness (o = .89).

The Eating Disorders Diagnostic Scale (Stice et al., 2000) consists of 22 items,
19 which (items 1-18 and 21) are used to derive the single composite of this scale. One
of the 19 items (item 21, addressing amenorrhea) was omitted in order to make the scale
suitable for participants of both genders. The measure’s items have a mix of Likert-type

and yes-or-no response formats. In this sample, the internal consistency was .86.
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The Self-Administered Alcoholism Screening Test (Hurt et al., 1980) consists of
35 dichotomous yes-or-no items, indicative of alcohol-related problems. Its internal
consistency in this sample was .76.

The Subjective Happiness Scale (Lyubomirsky & Lepper, 1999) consists of four
items that are responded to on a 7-point Likert scale. Its internal consistency in this
sample was .89.

The Satisfaction with Life Scale (Diener et al., 1985) previously described in

Sample 1 was also administered to this sample, in which it had an alpha level of .90.

2.2.3. Statistical analyses

The criteria corresponding to each sample were submitted to a Principal
Component Analysis to derive the criterion-based composites. To ascertain that the first
component of each, presumably multidimensional, set of criteria represents the target
construct, rather than any other dimension, a rather strict cut-off was used (also in view
of the overall diversity of criteria across samples, none of which were specifically tested
to examine FB). Specifically, criteria were included within the respective criterion-
based composite if they had loadings either (a) of at least .50, or (b) or of .30-.49 that
were greater than their loadings on ensuing components. These variables were deemed
to be too distinct from the target construct, with additional dimensions implicit in them
increasing the chances of predictive effects for extraneous facets (or for the specific
variance of redundant facets).

The derived criterion-based composites were regressed onto the 15 trait El
facets, using the stepwise method in each analysis. All facets were entered at the first

step and then removed successively, starting with the least significant one. Since the
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stepwise method was used, as specified by FB, it was possible for facets already
removed to be re-entered at later steps of the analyses.

The original composite of all 15 trait El facets and a composite comprising
facets included in the final model in at least one of the six regression analyses were
compared in terms of their associations with the criterion-based composites. One
reason for including facets with significant predictive effects in any of the six samples
in this composite is to account for variations in the criteria used to derive the criterion-
based composites. Steiger’s Z tests were computed to examine if there are significant
differences in the correlations of these two composites with the criterion-based
composites across samples.

To differentiate between redundant and extraneous facets, zero-order
correlations of any non-predictive facets with a modified composite comprising the
predictive facets only were also examined. In theory, redundant facets should correlate
significantly with the global construct, whereas extraneous facets should show

correlations closer to zero.

2.3. Results

2.3.1. Dimensional reduction of criteria

Results of the Principal Component Analyses for the criteria used in each sample
are presented in Table 2.3. The only variable excluded from Samples 1 and 2 was
avoidance coping because it had relatively weak loadings (.14 and -.46, respectively) on
the first principal component. It also resulted in bifactorial solutions in the initial
analyses, loading considerably higher on the second component. For the same reasons,
three personality disorders were removed from the final analysis of the Sample 4

criteria: schizoid, histrionic, and narcissistic. Their respective loadings on the first
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principal component were .38, .36, and .24, and lower than their loadings on a second or
third component. Two variables, verbal aggression and eating-related problems, were
excluded from the Sample 6 criteria. Their loadings on the first principal component
were .32 and .27, respectively, and both loaded much higher on additional components.
These seven variables were excluded on the grounds that they were too different from
the target construct. With these variables omitted, a latent composite was derived from
the remaining variables in Samples 1, 2, 4, and 6. All criteria assessed in Samples 3 and
5 were included in their respective composites, as they all loaded highly on a single

principal component.

Table 2.3. First Principal Component Loadings for Criteria in Each Sample

Factor % of
Variable loading Communality variance

Sample 1 Life satisfaction .63 40 51.87
Rumination .59 .35
Rational coping .78 .61
Detached coping .80 .64
Emotional coping =77 .59

Sample 2 Rational coping a7 .59 55.37
Detached coping 7 .59
Emotional coping -.83 .70
Depressogenic attitudes and beliefs .55 .30
Depressive symptomatology a7 .59

Sample 3  Physical aggression .73 .53 52.39
Verbal aggression .63 .39
Anger .86 73
Hostility .66 44

Sample 4 IPDE paranoid 73 .58 44.42
IPDE schizotypal .76 .62
IPDE antisocial .52 .62
IPDE borderline .78 .61
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IPDE obsessive-compulsive 48 .32

IPDE dependent .58 41
IPDE avoidant .68 47
Negative affect 73 .54
Positive affect -53 .61
General depression .78 .65
Sample 5 Depression .83 .68 74.42
State anxiety .89 .79
Trait anxiety .87 .76
Sample 6 Physical aggression 44 .61 40.53
Anger .53 1
Hostility 75 .61
Social loneliness .62 52
Family loneliness .63 .56
Romantic loneliness .58 45
Alcohol-related problems 37 .23
Subjective happiness -.80 .65
Life satisfaction -.83 12

Note. Avoidance coping was excluded from Samples 1 and 2, as it loaded relatively
weakly on the first principal component and more strongly on a second component. For
the same reason, the IPDE schizoid, histrionic, and narcissistic scales were excluded
from Sample 4, and verbal aggression and eating-related problems from Sample 6.
IPDE = International Personality Disorder Examination (Loranger et al., 1997).

2.3.2. Regression of criterion-based composites on facets

Summaries of the stepwise regression analyses with the criterion-based
composites as the dependent variables are presented in Table 2.4. Due to the large
amount of data, only results for the initial and final models as well as beta weights for
facets retained in the final model are presented. While all 15 facets were initially
included in the analyses, facets that were not retained in the last step of any of the six
regression models are omitted from Table 2.4. The analyses for Samples 3, 4, and 6
excluded the facet of emotion management, while that for Sample 6 additionally

excluded the facets of trait empathy and emotion perception. The reason for omitting
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these facets is that, when initially included, the direction of their explanatory effect was

opposite to those of the other facets in the equations.
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Table 2.4. Stepwise Regression Analysis Summaries for TEIQue Facets Predicting the Criterion-Based Composites

Sample 1 Sample 2 Sample 3 Sample 4 Sample 5 Sample 6
Trait El facets B R%adj B R%Aqj B R%Aqj B R%Aqj B R%Adj B R%Adj

Model 1 (all facets) .68 12 37 .59 54 a7
Final model .67 12 .38 .58 54 .76

Self-motivation -.10**

Emotion regulation -.20*** - 20%** -21%*

Trait happiness - 24%* - 29%** - 25%** - 5g***

Low impulsiveness -.19* -12* - 11%*

Self-esteem - 20%** -.20%* - 31***

Assertiveness - 14%* - 17*x*

Trait optimism - 30*** = 27***

Relationships - 26%** - 21Fx* - 21%**

Adaptability -.12* -.13*

Stress management -.24*** - 33*** -.18** -.36*** -.10**
AR? -.02 -01 -.03 -.02 -.01 -.00
N 271 193 151 202 179 288
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Note. Only beta weights for facets retained in the final models are displayed. EI = emotional intelligence. TEIQue = Trait Emotional
Intelligence Questionnaire (Petrides, 2009).
*p <.05. **p < .01. ***p <.001.
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Of the 15 trait EI facets, five did not explain unique variance in the criterion-
based composites in any sample and, thus, do not appear in the final regression models.
These facets were trait empathy, emotion perception, emotion expression, emotion
management, and social awareness. In addition to being manually excluded from
Samples 3, 4, and 6, emotion management did not appear in the final regression models
in Samples 1, 2, and 5, based on the stepwise method. Likewise, trait empathy and
emotion perception, which were manually removed from the Sample 6 regression, were
non-predictive in the other samples. Therefore, neither these three facets nor the two
non-predictive facets appear in Table 2.4. Of the 10 facets showing significant
predictive effects, one (stress management) accounted for unique variance in five
samples, one (trait happiness) accounted for unique variance in four samples, four
(emotion regulation, self-esteem, low impulsiveness, and relationships) accounted for
unique variance in three samples, two accounted for unique variance in two samples
(assertiveness and trait optimism), and two, self-motivation and adaptability, accounted
for unique variance in one sample.

In comparing the additive predictive effects of all 15 facets included in the initial
prediction model (shown as Model 1) against the final set of facets remaining in the last
step of each regression analysis (shown as Final model), the appropriate statistic to
examine is the adjusted R?, which can account for the unequal degrees of freedom. As
is apparent across all six samples, the shortened sets accounted for virtually the same
amount of the variance as the 15-facet composite. Even the unadjusted change in R?
from the initial to final model was negligible and non-significant in the six samples. As
discussed, however, regression analysis does not reveal the impact of non-predictive
facets or facets with atheoretical, inverted effects on the explanatory power of higher-

order composites, such as global trait EI. For example, the non-predictive facets of
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emotion expression and trait empathy can be expected to weaken the convergence of
global trait EI with the criterion-based composites, since they are averaged along with
the predictive facets within the global trait EI score. Hence, two trait EI composites
comprising 15 and 10 facets, respectively, were compared in terms of their associations

with the criterion-based composites.

2.3.3. Correlations of original and modified scale composites with the
criterion-based composites

Pearson correlations of the 15- and 10-facet trait EI composites with the
criterion-based composites are presented in Table 2.5. Also shown are Steiger Z tests of
significant differences in the convergent validity of the two composites. Except for the
latent composite derived from the Sample 3 criteria, associations of both trait El
composites with the criterion-based composites were strong across samples. Unlike the
other samples, in which a latent composite of more diverse emotion-related criteria was
used, the criterion-based composite derived from the aggression variables in Sample 3
was fairly homogenous and narrow, and, thus, least representative of trait EI.
Correlations of the 10-facet composite with the criterion-based composites were larger
than those of the 15-facet composite. In fact, the Steiger Z results indicate that the 10-

facet composite had significantly greater convergent validity in all six samples.

68



Table 2.5. Correlations of the Original and Modified TEIQue Composites with the

Criterion-Based Composites

Original scale Modified scale

Sample (N) composite composite Steiger’s Z
1(271) 73 .79 4.94**
2 (193) - 75 -.80 3.88**
3(151) -.49 -.58 3.79*%*
4 (202) -73 -.76 2.34%
5 (179) -.65 -.68 2.27*
6 (288) -.18 -81 3.10**

Note. All correlations are significant at p <.001. “Original” refers to the scale
composite of all 15 facets; “Modified” refers to the 10-facet scale composite minus the
five non-predictive facets. TEIQue = Trait Emotional Intelligence Questionnaire
(Petrides, 2009).

*p <.05. **p <.0L.

2.3.4. Correlations of non-predictive facets with the modified scale composite
Correlations between the five non-predictive facets and the 10-facet composite

are shown in Table 2.6. All correlations were significant and all except one (emotion

management in Sample 3) were within a moderate range of .3 to .7, indicating that the

facets are redundant, rather than extraneous.
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Table 2.6. Correlations of the Five Non-Predictive Facets with the Modified TEIQue

Composite

Emotion Emotion Emotion Social
Sample (N) Trait empathy perception  expression management awareness

1(271) 32 51 .38 43 .66
2 (193) 34 48 .52 46 .70
3(151) .35 49 .50 21* .63
4 (202) 46 57 40 32 .64
5(179) .36 .52 44 .36 .54
6 (288) .36 47 48 32 57

Note. Correlations not denoted by an asterisk are significant at p <.001. TEIQue =
Trait Emotional Intelligence Questionnaire (Petrides, 2009).
*

p<.0l.

2.4. Discussion

Application of FB to trait EI data from six European samples yielded promising
results. Five facets did not explain unique variance in alternative representations of the
construct variance, derived from varying sets of validation criteria. Removal of these
five facets from the global trait EI composite significantly improved its associations
with the criterion-based composites in all samples. Collectively, the results suggest that
the five non-predictive facets overlap entirely with the predictive facets in their reliable
common variance (i.e., variance attributed to the construct of trait EI), apparently
compromising the construct validity of the global trait EI composite. It seems that the
modified 10-facet composite gives a better representation of trait EI than the original

composite.
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The trait EIl facets identified as non-predictive came exclusively from the
TEIQue factors of Emotionality and Sociability. Notably, these two factors have shown
little success in explaining incremental criterion variance vis-a-vis the other factors in
previous research (Mikolajczak, Luminet, & Menil, 2006; Mikolajczak et al., 2007;
Mikolajczak, Roy, Verstrynge, & Luminet, 2009; Siegling, Vesely, Petrides, &
Saklofske, accepted; Swami, Begum, & Petrides, 2010; Uva et al., 2010). In only one
study, one of these two factors (Sociability) accounted for incremental criterion
variance, predicting somatic symptoms amid stress over mental and physical status,
together with the Self-Control factor (Mikolajczak et al., 2006). However, it is
important to remember that individual criteria are unlikely to represent the variance of
the target construct very well and, therefore, significant predictive effects of redundant
and extraneous elements are possible.

While all facets incorporated under the Self-Control and Well-Being factors
explained incremental variance in the expected direction in at least one of the samples
of the present study, the Sociability and Emotionality factors had only a single facet
each that occupied variance in at least one of the criterion-based composites. Zero-
order correlations of the non-predictive facets with the 10-facet composite were within a

moderate range and significant, suggesting that the identified facets are redundant.

2.4.1. Implications

A shared characteristic of the five non-predictive facets is their integration of
interpersonal emotional attributes, although some merge interpersonal and intrapersonal
qualities (e.g., emotion perception represents the propensity to perceive emotions in
oneself and in others). This pattern is in accordance with some evidence speaking to the

distinctiveness of these types of facets (Siegling, Saklofske, Vesely, & Nordstokke,
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2012; Siegling, Vesely, & Saklofske, 2013). As discussed previously (Siegling et al.,
2012, 2013), it is possible that some of these facets (e.g., emotion management of
others, trait empathy) share most of their variance with constructs more indicative of
social behaviour, such as trait social intelligence (Petrides et al., 2011).

Empirical characteristics of redundant and extraneous facets are failing to
occupy unique construct variance and compromising the construct validity of the global
composite. Redundant facets share the same common variance with one or more of the
other facets, giving disproportional weight to particular segments of the construct
variance. Extraneous facets lie wholly beyond the target construct’s boundaries, thus
lacking common variance (i.e. their variance is due to dimensions other than the one
targeted). Therefore, neither of these types of facet seems to take up unique common
variance, thus weakening the construct validity of the model that incorporates them and
of its operational vehicles. Overall, the results provide preliminary evidence for the
efficacy of FB in identifying redundant facets, since all of the non-predictive facets
seemed to fall into this category. At least in theory, it should also screen out facets that

are completely extraneous and somehow found their way into the researcher’s model.

2.4.2. Limitations and future directions

Although a similar set of predictive facets is likely to emerge in independent
samples and across different criterion-based composites, fluctuations in terms of which
facets will have significant effects are still possible. A statistical factor to consider is
that facets may emerge as significant or non-significant due to chance. Self-motivation
may be such a candidate, as it had a significant incremental effect in only one of the six
samples, and the regression weight for its effect was very small. Although a scenario of

all five (presumably redundant) facets being unrepresented in the criteria is highly
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unlikely, it is also possible that some segments of the construct variance were not
represented in the criteria that were investigated. Consequently, facets related to any
underrepresented construct variance would not have reached significance. While large
fluctuations in the pattern of predictive facets are not expected, repeated applications of
FB to TEIQue data are encouraged to increase confidence in the present findings. It is
important to cross-validate the results in independent samples and sets of criteria that
have not been previously used.

Further validation of FB with respect to other personality constructs is needed to
provide definitive evidence for its efficacy. Whereas this chapter presents the initial
application of the proposed, based on existing data, future studies designed specifically
for its evaluation can yield more conclusive results. However, this is not to undermine
the utility and relevance of using existing datasets, as FB requires evidence from
numerous and relatively large samples. Applications of the analyses performed here by
others who have suitable data (ideally, from multiple samples) are highly encouraged.

In designing future studies specifically for applying FB, it will be important to
sample systematically from the entire theoretical range of relevant criteria to represent
the variance of the target construct as comprehensively as possible. A second question
to be addressed in further validation studies of FB is whether using the same
measurement format for all variables introduces confounding effects in favour of FB.
Measuring the criteria in the same way as the hypothetical facets creates common-
method variance, and therefore common-method effects, such as socially desirable
responding (Backstrém, Bjorklund, & Larsson, 2009; M. Ziegler & Buehner, 2009),
may contribute to the pattern of results. Although is not particularly well understood
how most of these method effects impinge on validity (Matthias Ziegler et al., 2013),

the use of alternative methods (i.e., other than self-report) for assessing criteria relevant
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to trait EI and other personality constructs (e.g., informant ratings, behavioural

observations, electronic diaries, and possibly biodata) can alleviate concerns regarding
method variance. Converging evidence from applications of FB across criterion-based
composites will eventually help us arrive at a consensus regarding the best set of facets

for representing established, yet still partially elusive, individual-differences constructs.

2.5. Conclusions

Subject to further validation, FB seems to have utility in optimising multi-
faceted assessment instruments. As discussed, a unique strength of the proposed
strategy lies in its potential to identify redundant or extraneous facets, which
conventional approaches do not accomplish. If validated rigorously and in the context
of additional constructs, the method may have much to add to the construction of
psychological assessment instruments, with possibly far-reaching implications for

research and applied psychological assessment.
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CHAPTER 3: Dispositional Mindfulness: Addressing

Basic Psychometric Issues
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3.1. Introduction

Another relatively recent and fuzzy construct that lends itself to the application
of FB is mindfulness. Mindfulness, which can be very broadly understood as living in,
and accepting, the present moment non-judgementally, as opposed to being preoccupied
(Brown, Ryan, & Creswell, 2007; Heidenreich, Strohle, & Michalak, 2006; Sauer et al.,
2012), has generated a great deal of interest in applied and academic psychology. In
applied psychology, it has led new approaches to treating mental illness and developing
well-being (Kabat-Zinn, 1994; Segal, Teasdale, & Williams, 2002). In academic
psychology, the concept has extended beyond its clinical applications to a focus on
individual differences. This interest is evident in the recent spurt in psychometric
research and proliferation of scales occurring in the past 10 to 15 years, most of which
focuses dispositional, or trait, mindfulness (average or baseline states of mindfulness),
rather than state mindfulness, or the particular mindful state at the time of measurement
(Bergomi, Tschacher, & Kupper, 2013; Park, Reilly-Spong, & Gross, 2013; Sauer et al.,
2012).

Research findings have been promising, with existing measures of mindfulness
predicting criteria such as emotion dysregulation (Vujanovic, Bonn-Miller, Bernstein,
McKee, & Zvolensky, 2010), sexual body esteem (Fink, Foran, Sweeney, & O’Hea,
2009), insomnia (Ong, Shapiro, & Manber, 2009), nicotine dependence and withdrawal
(Vidrine et al., 2009), as well as relationship satisfaction and stress (Barnes, Brown,
Krusemark, Campbell, & Rogge, 2007). However, as is typical at a relatively early
stage in the research history of a concept (Furnham, 1990), disagreement spanning the
operationalisation and, to a lesser extent, conceptualisation of mindfulness characterises
the existing literature. As discussed elsewhere (Bergomi et al., 2013; Hart, Ivtzan, &

Hart, 2013; Sauer et al., 2012) and described below, the set of mindfulness scales that
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has emerged can be described as heterogeneous, especially in terms of domain
representation.

To streamline the application of FB to mindfulness measures (Chapter 6), the
investigation reported in the current chapter had two general aims. The first was to
assess the homogeneity (heterogeneity) of the various scales, by examining and, to some
extent, cross-validating their convergent validity, shared underlying dimensions, and
linkages to the Five-Factor Model (FFM; Study 1). The second aim was to examine the
similarities, validity, and dimensionality of mindfulness facets and subscales across
three independently developed measures (Study 2). As discussed, FB requires that the
measures to which it is applied measure single construct, rather than multiple weakly
related dimensions. The present investigation sought to establish that this requirement

is met.

3.1.1. Measures and facets of dispositional mindfulness

Eight measures have been salient in the literature (Bergomi et al., 2013),
although newer ones are emerging (Bergomi, Tschacher, & Kupper, 2012; Erisman &
Roemer, 2011). The unidimensional facet or item measures organise their facets or
items within a hierarchical model, under a single mindfulness factor (detailed
descriptions can be found in Bergomi et al., 2013; Hart, Ivtzan, & Hart, 2013; Park et
al., 2013; Sauer et al., 2012). While these measures may all represent the same
construct, they are diverse in terms of their underlying structural models and
representations of mindfulness; some of the measures are broader in scope, presumably
assessing the construct more comprehensively, whereas others have a narrower focus,

measuring only some of its elements.
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The Five Facet Mindfulness Questionnaire (FFMQ; Baer, Smith, Hopkins,
Krietemeyer, & Toney, 2006), the Kentucky Inventory of Mindfulness Skills (KIMS;
Baer et al., 2004), the Southampton Mindfulness Questionnaire (SMQ; Chadwick et al.,
2008), and the Cognitive and Affective Mindfulness Scale-Revised (CAMS-R)
comprise either four or five facets that vary between measures. However, only the
FFMQ and KIMS have facet scores suitable for use in research and of satisfactory
reliability (Baer et al., 2004, 2006), while the SMQ and CAMS-R use facets for
representational purposes only (that is to say, the content of the facets is represented in a
total score, but the measures do not yield facet scores per se; Chadwick et al., 2008;
Feldman, Hayes, Kumar, Greeson, & Laurenceau, 2006). Another two unidimensional
measures, the Mindful Attention Awareness Scale (MAAS; Brown & Ryan, 2003) and
the Freiburg Mindfulness Inventory (FMI; Walach, Buchheld, Buttenmiller,
Kleinknecht, & Schmidt, 2006) directly operationalise the general mindfulness factor
from their respective items; they do not use facets to represent the construct.

A distinct measure based on a hierarchical model is the Langer Mindfulness
Scale (LMS; Bodner & Langer, 2001; Pirson, Langer, Bodner, & Zilcha, 2012), which
is grounded in a somewhat divergent conceptualisation of mindfulness: as “a state in
which one is open to novelty, alert to distinctions, sensitive to context, aware of
multiple perspectives, and oriented in the present” (Bodner & Langer, 2001, p. 1). Its
facets are Novelty Seeking, Novelty Producing, and Engagement. The underlying
conceptualisation has been described as a Western approach that, despite similarities,
differs from the traditional perspectives, which are linked to Eastern religions and
provide the basis for the bulk of psychometric measures. More detailed information on
differences between conceptualisations can be found in published reviews, such as in

Hart et al. (2013).
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The FFMQ was empirically derived by factor-analysing the items of the other
five unidimensional facet or item scales (KIMS, CAMS-R, SMQ, MAAS, and FMI).
For this reason, it can be considered a relatively comprehensive operationalisation of the
construct that may supersede its constituent scales in terms of construct validity. The
FFMQ consists of five facets (Describe, Act with Awareness, Accept without Judgment,
and Nonreact), four of which (not including Nonreact) also constitute its main
predecessor, the KIMS (Baer et al., 2004).

On the other hand, the FFMQ model, and in particular its Observe facet, has
produced some problematic results. While intercorrelations among the FFMQ facets are
generally significant and weak-to-moderate, as one would expect, the Observe facet has
often shown non-significant, and sometimes even negative, correlations with one or
more of the other four facets, such as Act with Awareness and Accept without
Judgment, as well as weak factor loadings (Baer et al., 2004, 2006; Bohlmeijer, ten
Klooster, Fledderus, Veehof, & Baer, 2011; Curtiss & Klemanski, 2014; Hofling,
Strohle, Michalak, & Heidenreich, 2011; Tran, Glick, & Nader, 2013). Moreover, a
four-factor hierarchical model omitting the Observe facet tends to results in better
model fit for the FFMQ than the originally envisaged five-factor model; increasing
evidence supports a five-factor structure including Observe in meditators only (Aguado
et al., 2015; Baer et al., 2004, 2006; Cebolla et al., 2012; Christopher, Neuser, Michael,
& Baitmangalkar, 2012; Curtiss & Klemanski, 2014; Williams, Dalgleish, Karl, &
Kuyken, 2014). Alternatively, a bidimensional facet model incorporating all five facets
under two weakly associated second-order factors has also been identified and partially
confirmed for a short form of the FFMQ in both meditators and non-meditators (Tran et
al., 2014, 2013). In terms of criterion validity, FFMQ Observe was found to buffer the

effect of stress in meditators only (Neale-Lorello & Haaga, 2015) and to have negligible
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incremental validity over the other facets in predicting construct-relevant criteria,
including some detrimental effects (Cash & Whittingham, 2010; Christopher & Gilbert,
2009; Consedine & Butler, 2014; Vujanovic et al., 2010).

A further two measures are grounded in the mainstream conceptualisation of
mindfulness, but they diverge operationally in their bidimensional structure, consisting
of two subscales that correlate weakly or non-significantly. These are the Toronto
Mindfulness Scale (TMS; Davis, Lau, & Cairns, 2009; Lau et al., 2006) and the
Philadelphia Mindfulness Scale (PHLMS; Cardaciotto, Herbert, Forman, Moitra, &
Farrow, 2008). The PHLMS was explicitly designed to operationalise two orthogonal
subscales, labelled Awareness and Acceptance, which did not correlate (r = -.06;
Cardaciotto et al., 2008). Although the TMS was created to permit oblique factors, its
subscale correlations were not large enough to argue that a single shared dimension
accounts for much of their variance, and they were only reported for the state version (r
=.26t0 .42; Lau et al., 2006). Thus, its two subscales were interpreted as assessing
distinct, but related, latent constructs, labelled Curiosity and Decenter. It is important to
bear in mind that using heterogeneous measures consisting of weakly related or
orthogonal factors to represent a single construct is problematic (Smith, McCarthy, &
Zapolski, 2009; Smith & Zapolski, 2009). Although neither of these two measures
claims to assess a single global construct, both are linked to the extant literature (i.e., the
concept of mindfulness) and depart from the other measures in their bidimensional
focus.

Table 3.1 presents definitions for the FFMQ facets (Describe, Act with
Awareness, Accept without Judgment, and Nonreact) and PHLMS and TMS subscales,
along with sample items. A triplet of similar facets across the three focal measures

consists of FFMQ Observe, PHLMS Awareness, and TMS Curiosity. Despite some
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differences, all three concern a deliberate perceptual focus on present-moment
experiences. A pair of very similar facets consists of FFMQ Accept without Judgment
and PHLMS Acceptance, both of which reflect a person’s tendency to accept, rather
than judge, internal and external experiences. Another pair of similar facets is that of
FFMQ Nonreact and TMS Decenter, both reflecting (emotional) disengagement from

one’s inner feelings, perceptions, and thoughts.
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Table 3.1. Operationalisation of Mindfulness across the FFMQ, PHLMS, and TMS, Including Facet Definitions and Sample Items

Measure and facets

Definition

Sample item

FFMQ
Observe*

Describe

Act with Awareness
Accept w/o Judgment**
Nonreact***

PHLMS
Awareness*

Acceptance**

TMS
Curiosity*

Tendency to observe, notice, or attend to internal and
external phenomena.

Tendency to Describe or label sensations, perceptions,
thoughts, emotions, etc. with words.

Tendency to focus undivided attention on the current
activity or avoiding automatic pilot; concentration.

Tendency to accept without making judgements or
evaluations.

Tendency not to react to one’s experience.

Tendency to be highly aware of one’s internal and
external experiences.

Tendency to accept and not to judge internal and
external experiences.

Stance of wanting to learn more about one’s
experiences.

| intentionally stay aware of my feelings.

My natural tendency is to put my experiences into
words.

| easily get lost in my thoughts and feelings.

| disapprove of myself when | have irrational ideas.
| watch my feelings without getting lost in them.

When | am startled, I notice what is going on inside
my body.

| try to put my problems out of mind.

| am curious about each of my thoughts and feelings as
they occur.
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Decenter*** Tendency to relate to one’s thoughts or feelings in a | experience myself as separate from my changing
wider field of Awareness rather than being overly thoughts and feelings.
absorbed in one’s internal experiences.

Note. Conceptually similar facets are denoted by the number of asterisks. FFMQ = Five Facet Mindfulness Questionnaire (Baer et al., 2006);
PHLMS = Philadelphia Mindfulness Scale (Cardaciotto et al., 2008); TMS = Toronto Mindfulness Scale (Davis et al., 2009).
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3.1.2. Convergent validity of measures and linkages to the Five-Factor Model

Associations among mindfulness scales have been examined in only a few
studies, which have examined scale interrelations of only some of the measures, often
with the aim of validating a particular scale. Baer et al. (2006) reported
intercorrelations of five mindfulness scales, all of which were within a moderate range
of .31to .67. As can be expected, the two lowest correlations were reported for a
relatively narrow measure, the MAAS (Brown & Ryan, 2003), which focuses on
mindfulness attention and awareness. Intercorrelations of two particular measures with
several others were also within a moderate range (Chadwick et al., 2008; Feldman,
Hayes, Kumar, Greeson, & Laurenceau, 2006). The distinct LMS showed weak-to-
moderate correlations with two other scales (r = .27 to .37; Pirson et al., 2012).
Generally, between-scale correlations have mostly been within a moderate range, which
speaks to the differences in how the construct is operationalised across these
unidimensional measures. It is unclear whether multiple dimensions explain the
observed intercorrelations and, therefore, the shared variance among the scales.

Research into associations between mindfulness and the Big Five personality
traits was reviewed in a meta-analysis of 32 samples by Giluk (2009). The focus of that
study was exclusively on the mainstream conceptualisation of mindfulness, integrating
the results from all relevant measures. Of the Big Five, Neuroticism was identified as
the strongest correlate of mindfulness (r = -.58), followed by Conscientiousness (r =
44). Agreeableness also had an average correlation of moderate strength (r = .30),
whereas Extraversion and Openness both correlated weakly with mindfulness (r = .10
and .07, respectively). However, the methodology of that review had several

limitations.
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One limitation is that the meta-analysis included data from studies that did not
report all of the correlations between mindfulness and the Big Five. This practice may
have biased the results, with statistical significance leading to the publication of only
some of the Big Five’s associations with mindfulness, thus inflating average
intercorrelations. Another limitation was the inclusion of a bidimensional measure
comprised of two orthogonal subscales (Cardaciotto et al., 2008). Weakly related
factors, let alone unrelated ones, most likely represent multiple dimensions, and using
them to measure a single construct has been described as indefensible (Smith et al.,
2009). A third possible limitation was the inclusion of facet or subscale correlations
with the Big Five, even though composite correlations of multiple facets and subscales
with each personality dimension were calculated, presumably to address this problem.
Since facet and especially subscale correlations with the Big Five are likely to vary
(between each other and compared to global mindfulness), their inclusion may have led
to inaccurate results in regards to global mindfulness. For example, not all mindfulness
scales have facets or subscales, and it was not stated whether these correlations, where
examined, were always reported for all factors or subscales. Moreover, facets or
subscales are more likely than a global mindfulness score to comprise specific variance
unrelated to the construct.

Correlations of the distinct LMS with the Five-Factor Model were reported in
two studies. One of these studies only reported coefficients for Openness and
Neuroticism (r = .73 and -.27, respectively; Pirson et al., 2012). In the other study, the
measure’s correlations with the Five-Factor Model factors were .50 with Openness, -.21
for Neuroticism, .35 for Extraversion, .23 for Conscientiousness, and .20 for
Agreeableness (Bodner & Langer, 2001). This unique pattern of associations with the

Big Five, revealing Openness as the strongest correlate, further speaks to the
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distinctiveness of the measure and the underlying construct. However, more evidence
for the measure’s linkages to the FFM, in direct comparison to measures aligned to the
original conceptualisation of mindfulness, is needed.

In sum, several factors suggest that the relationship between mindfulness and the
Five-Factor Model currently portrayed in the literature may not be fully accurate. First,
differences in the construct validity between measures may distort our understanding of
the true relationships. Second, very few studies, if any, have examined the relative
“contributions” of relevant higher-order factors, such as the Big Five, to mindfulness.
The relative contributions may well differ from the picture created by zero-order
correlations, given that the Big Five are not perfectly orthogonal in a statistical sense
(e.g., Van der Linden, Tsaousis, & Petrides, 2012). Last, the file-drawer phenomenon
may have influenced the pattern of results reported in Giluk's (2009) meta-analysis, with

non-significant relations (including those of facets and subscales) being underreported.

3.1.3. Facet and subscale correlations between measures

The PHLMS subscales were found to correlate weakly to moderately with the
MAAS (Cardaciotto et al., 2008). Specifically, correlations with the MAAS were .21 in
a non-clinical sample and .40 in a general psychiatric sample for PHLMS Awareness,
whereas PHLMS Acceptance correlations with the MAAS were .32 in the non-clinical
sample and .17 (non-significant) in the clinical sample. Correlations with facet scores
of a multi-faceted measure, the KIMS, were mostly in line with conceptual similarities:
PHLMS Awareness correlated strongly with the KIMS Observe facet (r = .83) and
PHLMS Acceptance had the strongest correlation with the KIMS Accept without

Judgment facet (r = .79).
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Both subscales of the TMS (trait version) were associated with the
unidimensional facet or item scales, ranging from .22 to .48 for TMS Curiosity and
from .47 to .74 for TMS Decenter, as well as with the FFMQ and KIMS facets (Davis et
al., 2009). TMS Curiosity correlated most highly with the FFMQ (r = .51) and KIMS (r
= .54) Observe facet, as well as moderately with the FFMQ Nonreact facet (r = .32).
Correlations of TMS Curiosity with the remaining facets were modest in strength (r =
10 to .21). TMS Decenter was most highly related to the FFMQ Nonreact facet (r =
.74) and moderately to the other KIMS and FFMQ facets (Observe, Act with
Awareness, and Accept without Judgment; r = .37 to .51), with the exception of the
Describe facet (r <.22). Again, these values support the conceptual similarities
between the facets and subscales of these measures.

Overall, there has been little empirical effort to systematically examine facet (or
subscale) interrelationships and similarities among the key independently developed
measures (FFMQ, PHLMS, and TMS) and to establish if all facets and subscales
represent elements of the mainstream conceptualisation of mindfulness measured by the
bulk of scales. A related specific concern is whether the FFMQ Observe facet, and
possibly the conceptually and empirically related PHLMS Awareness and TMS

Curiosity subscales, represent valid elements of this construct.

3.2. Study 1

The present study aimed to examine the homogeneity of existing mindfulness
scales and establish whether a single dimension accounts for their shared variance. Two
different samples completed all relevant trait measures that yield a global mindfulness
score. A related aim was to investigate the linkages of conceptually and dimensionally

distinct mindfulness scales to the Five-Factor Model in one of the samples, addressing
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some of the limitations of previous research. This aim served to solidify understanding
of the level of similarity between existing scales and further elucidate any differences
that may exist between underlying dimensions. In contrast to Giluk's (2009) meta-
analysis, only global mindfulness scores were used, which implied the exclusion of the
two multidimensional measures (PHLMS and TMS). The unique contributions of the

Big Five to mindfulness were examined through the use of multiple regression analysis.

3.2.1. Method
3.2.1.1. Participants and procedure

Sample 1 (N =397, 76.0% female) was recruited via the institutional subject
pool of a major British university over approximately two years (February 2012—March
2014). The mean age was 21.9 years (SD = 5.0), ranging from 18.0 to 57.2 years.
Predominantly comprising participants of White — UK heritage or other (53.1%), the
sample also included participants from East Asian (29.6%) and South Asian (Indian,
Pakistani, and Bangladeshi [8.3%]) backgrounds, as well as from multi-ethnic or other
backgrounds (8.9%). The samples consisted mainly of undergraduate and Master’s
students from various disciplines, predominantly from psychology and linguistics, but
also included other individuals affiliated with the same institution. All participants were
entered into a prize draw for gift cards and most received course credit for their
participation.

Sample 2 (N =176, 79.5% female) was recruited online using a twofold
recruitment procedure in order to obtain a more heterogeneous sample with respect to
mindfulness. First, a recruitment notice was posted on participant recruitment platforms
for psychological research (e.g., http://www.onlinepsychresearch.co.uk/). Second, two

promoters of mindfulness kindly agreed to post a recruitment notice on their social
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media pages. The average age of this sample (M = 36.37 years, SD = 14.4) was higher
than that of Sample 1 and ranged from 15.7 to 76.2 years. Sample 2 was more
homogeneous in terms of participant ethnic backgrounds, which were as follows: 84.1%
Caucasian, 2.8% East Asian, 1.7% South Asian, 4.5% Black, and 6.8% other/mixed. A
price draw of gift cards was offered to participants as a token of appreciation.
Participants of both samples provided demographic information and completed
the mindfulness measures described in the next section via an anonymous electronic
survey system. The Sample 1 participants additionally completed the Big Five measure
described below. To balance the effects of any extraneous factors, such as testing
fatigue, the scales were administered in randomised order, and the order of items within
each scale was also randomised across participants. Upon submitting their responses on
each scale, participants were automatically notified of any missing responses and given

the opportunity to add them.

3.2.1.2. Measures

All instruments were based on self-report, multiple-point response scales, and
showed good levels of internal reliability. Internal consistencies for the mindfulness
scales are shown in Table 3.2, whereas those for the Big Five are included within the
relevant description below.

Mindfulness

Five Facet Mindfulness Questionnaire (FFMQ; Baer et al., 2006). The FFMQ
was developed as a comprehensive measure of the construct, by factor-analysing all of
the scales below, except for the LMS (Bodner & Langer, 2001), which is based on a
divergent conceptualisation of mindfulness. This procedure resulted in 39 items

distributed across five facets (Observe, Describe, Act with Awareness, Accept without
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Judgment, and Nonreact). The FFMQ items are rated on a 5-point Likert scale, ranging
from 1 (never or very rarely true) to 5 (very often or always true).

Kentucky Inventory of Mindfulness Skills (KIMS; Baer, Smith, & Allen, 2004).
The KIMS, which also comprises 39 items, is divided into four facets: Observe,
Describe, Act with Awareness, and Accept without Judgment. All four facets and 24 of
the 39 items are now contained within the FFMQ. The KIMS is based on the same 5-
point response scale as the FFMQ.

Cognitive and Affective Mindfulness Scale — Revised (CAMS-R; Feldman,
Hayes, Kumar, Greeson, & Laurenceau, 2006). The CAMS-R global score is also
based on four facets (attention, present focus, awareness, and acceptance), each
represented by three items (12 in total). However, the use of facet scores is not
encouraged, given the small number of items (three) per facet. The items are rated on a
4-point Likert scale from 1 (Rarely/Not at all) to 4 (Almost Always).

Southampton Mindfulness Questionnaire (SMQ; Chadwick et al., 2008). The
SMQ consists of 16 items, representing four aspects of mindfulness: mindful
observation, letting go of reacting, opening awareness to difficult experience, and
acceptance. Similar to the CAMS-R, the developers have advised against computing
facet scores, which had low alphas in the present samples. The response scale of the
SMQ ranges from 0 (Disagree Totally) to 6 (Agree Totally).

Mindful Attention Awareness Scale (MAAS; Brown & Ryan, 2003). The MAAS
focuses exclusively on attentional aspects of mindfulness, whereas other scales also
incorporate emotional aspects. Fifteen items are responded to on a 6-point Likert scale,
ranging from 1 (Almost Always) to 6 (Almost Never).

Freiburg Mindfulness Inventory (FMI; Walach, Buchheld, Buttenmdiller,

Kleinknecht, & Schmidt, 2006). The FMI measures mindfulness through 14 items,
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based on a response scale of 1 (rarely) to 4 (almost always). The items represent basic
aspects of mindfulness: attention to present moment (presence) and non-judgemental
attitude (acceptance; Kohls, Sauer, & Walach, 2009). Although two highly interrelated
factors have been derived from items of this measure (Kohls et al., 2009), factor scores
or subscales have not been used in research.

Langer Mindfulness Scale (LMS; Bodner & Langer, 2001; Pirson et al., 2012).
A revised 14-item version of the LMS (Pirson et al., 2012), which is grounded in a
different conceptualisation of mindfulness, was used in this study. The items are
distributed across three areas (Novelty seeking, engagement, and novelty producing)
and responded to on a Likert scale, ranging from 1 (Strongly Disagree) to 7 (Strongly
Agree).

Personality

The Big Five Inventory (John & Srivastava, 1999) was selected as a measure of
the FFM. Forty-four brief descriptive items are responded to on a 5-point scale, ranging
from 1 (disagree strongly) to 5 (agree strongly). Internal reliabilities were .85 for
Neuroticism, .85 for Extraversion, .81 for Openness, .71 for Agreeableness, and .79 for

Conscientiousness.

3.2.1.3. Statistical analyses

After computing intercorrelations among mindfulness scales, it was examined if
more than a single dimension underlies the shared variance of the mindfulness scales.
Excluded from these analyses was the FFMQ), as it derives from the other five scales
based on the mainstream conceptualisation of the construct. Including the FFMQ in

these analyses would duplicate the content of these five measures and bias the results
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against the LMS. The rest of the scales, including the LMS, were submitted to a
Principal Component Analysis.

Bivariate correlations between mindfulness scales and the Big Five as well as
average correlations of each Big Five trait with these scales were examined. The LMS
was excluded from the average correlations, due to its distinct conceptualisation. To
assess the unique contributions of the Big Five to mindfulness and the amount of
overlap between the Five-Factor Model and mindfulness, regression analyses were

conducted.

3.2.2. Results
3.2.2.1. Intercorrelations among mindfulness scales

Intercorrelations among the mindfulness scales are shown in Table 3.2. These
were consistent between the two samples in that for all scales, except the LMS,
coefficients exceeded .30. The only correlation below this level was between the SMQ
and MAAS in Sample 1 (r =.24). Still, the magnitude of the correlations varied widely:
2510 .90 in Sample 1 and .36 to .95 in Sample 2. In contrast, correlations between the
LMS and the other scales were generally weaker, reflecting the developers’ distinct
conceptualisation of the construct. Specifically, the LMS showed weak average
correlations with the other scales in both Sample 1 (r = .19, range = .00 to .33) and

Sample 2 (r = .27, range = .16 to .39).
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Table 3.2. Study 1: Internal Consistencies and Intercorrelations among Mindfulness

Scales
FFMQ KIMS CAMS-R SMQ MAAS FMI LMS

Sample 1

FFMQ (.84)

KIMS 90*** (.80)

CAMS-R B7*Fx GO*Fx (74)

SMQ BSO*F** 34x**k KRFRx (.80)

MAAS B2FF* AGFFK AQFHRx 5% F*(186)

FMI HOF*E - 