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Abstract

The Implicit Association Test (IAT) is the most widely used method for assessing
implicit bias and prejudice. By avoiding the need for introspection, the IAT is
suggested to be a more valid indicator of prejudice than explicit measures of attitudes
(i.e. questionnaires). However, implicit attitudinal literature has demonstrated highly
variable associations between IAT scores and various outcomes. Such
inconsistencies imply IAT scores may be significantly influenced by measurement
error, which could thwart efforts to accurately estimate underlying attitudes. The aim
of the present thesis was to examine the construct validity of the IAT using
Confirmatory Factor Analytic models (CFA) to account for the confounding
influences of measurement error.

Three studies examined various aspects of the validity of IATs using data from 198
student participants of the University of Tasmania, Australia. Study One assessed the
internal consistency and internal convergent validity of traditional verbal IATs, fully
pictorial IATs and Affective Priming Tasks (APTs) using single-group CFA. The
study revealed high amount of random error variance in the implicit attitudinal data,
comprising around 55% of IAT scores and 95% of APT scores. Despite the high
proportion of random error, the IATs appeared to consistently assess the trait attitude
constructs, though this was not true for the APTs. The APTs were consequently
deemed invalid measures of implicit attitudes.

iv

Study Two added to the findings of Study One by further accounting for method
variance in the IAT data using the CTCM CFA-MTMM analytical approach. This
study indicated that method variance accounts for a further third of the IAT scores,
suggesting that an average IAT score is comprised of around 80% error variance
(random error and method variance). Notwithstanding this, after accounting for
measurement error, strong convergence was evident between the verbal and pictorial
IAT formats and two of the four IATs were found to possess good construct validity.
Such findings provided some optimism for the future development of
psychometrically robust implicit attitude techniques.

Study Three examined the application of IATs to assess implicit attitudes whilst
using latent modelling techniques to account for the significant error component of
the scores. Specialised CFA models were used to reveal anti-Arab/pro-European bias
in the present sample, as well as determine the effect of certain participant
characteristics, such as age, on the IAT scores.

In summary, the studies of this thesis suggest that IAT scores are likely to be
confounded substantially by error variance at the individual level. However, if
random error and method variance are partialled out, IAT scores can provide an
adequate assessment of implicit attitudes. This suggests that future IAT applications
would profit from analysing sample data using CFA or other latent modelling
techniques to account for the significant error component of IAT scores.

v
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Introduction

Psychologists have been seeking ways to indirectly infer thought processes since
Freud first proposed that psychological processes could occur outside of conscious
awareness (Freud, 1915 as cited in Riolo, 2010). The development of modern
implicit methods of attitude assessment are claimed to provide a solution to this
search by enabling deeply ingrained attitudinal biases to be inferred from differences
in timed categorisation tasks. The most prominent of these implicit attitude measures
are the Implicit Association Test (IAT; Greenwald, et al., 1998) and the Affective
Priming Task (APT; Fazio, et al., 1986).

Implicit attitude measures have been shown to possess greater predictive validity for
the assessment of socially contentious constructs than traditionally used explicit
attitude measures, such as questionnaires (Greenwald, Poehlman, Uhlmann, &
Banaji, 2009). Such findings have encouraged a sizeable movement towards implicit
attitude research, whereby APTs and IATs have been employed in thousands of
empirical studies over the last two decades1. Many of these studies promote implicit
attitude measures as a useful means to glean insights into the unconscious biases that
influence people’s behaviour. The IAT is frequently used to provide individualised
assessment of personal implicit biases (see the Project Implicit website; Greenwald,
Banaji, & Nosek, 2011) and some have even suggested the task be used as an
employment screening tool to reduce the potential for discrimination within the
workplace (Ayers, 2001, pp. 424-425). However, before a task can be used in this
way it is first vital to establish the validity of such measurement instruments.
1

As evident by a search of the ProQuest database.

2
Inconsistencies in the implicit attitudinal literature, in conjunction with poor and
highly variable psychometric support for the APT and IAT, have resulted in concerns
that these tasks are heavily influenced by measurement error. Error variance can
reduce the reliability of measurement instruments and provide an upper limit for
construct validity estimates (Cunningham, Preacher, & Banaji, 2001). The aim of this
thesis was to quantify the extent of error variance in implicit attitudinal scores, and to
assess the reliability and validity of APTs and IATs using Confirmatory Factor
Analysis (CFA) models. CFA uses latent variable models to separate error variance
from trait variance (Byrne, 1998) and its use is novel for implicit attitudinal research.

Thesis Aims and Organisation

The overall aim of this thesis was to examine the construct validity of the APT and
IAT using CFA techniques. This thesis is organised into eight chapters: four
introductory chapters, three empirical chapters and a general discussion.

Introductory Chapters
Chapter One provides a conceptual and theoretical introduction to implicit and
explicit attitudinal processing. It introduces the APT and IAT techniques and delivers
a procedural description of these measures. The potential advantages of implicit
attitude measurement over explicit attitude measurement for the assessment of
socially contentious constructs are introduced.

3
Chapter Two demonstrates the potential utility of implicit attitude measures, by
providing a critical review of APT and IAT findings across three contentious
research domains, that of racial prejudice, substance use and body image. These
constructs benefit from assessment by implicit attitude measures, because explicit
attitude measures are susceptible to issues of self-presentation bias and manipulated
responding. However, inconsistencies are noted amongst the implicit research that
lead to concern for the robustness of implicit attitudinal scores.

Chapter Three discusses potential sources of error variance for implicit attitude
measures, and the impacts such error would have on psychometric validation of these
tasks. Error variance is explained within the framework of classical test theory. It is
argued that traditional analytical approaches have been inadequate for assessing
implicit attitudinal data. Rather, an approach that adequately addresses the issue of
error variance is required, namely Structural Equation Modelling (SEM).

Chapter Four provides a detailed introduction to SEM analytical techniques, such as
Confirmatory Factor Analysis (CFA). The common factor model is explained along
with the process of model specification. A detailed description of seven applications
for SEM in the assessment of the reliability and construct validity of measurement
instruments is delivered. This includes an introduction to Single-group CFA,
Composite Reliability (CR), Average Variance Extracted (AVE), Higher-order CFA,
Multitrait-Multimethod CFA (CFA-MTMM), Multiple Indicators Multiple Causes
(MIMIC) models, and Multiple-groups CFA. It is shown that SEM and CFA appear
well suited to assess the psychometric properties of implicit attitude measures.

4
Empirical Chapters
There are three empirical studies of this thesis which are presented in Chapters Five,
Six and Seven. These three chapters investigate the seven aims of this study, which
relate to specific assessments of the reliability and construct validity of the APT and
IAT. The empirical studies employed the traditional verbal APT and verbal IAT
(VIAT) that are reliant on word stimuli, as well as a pictorial type of IAT (PIAT) that
only uses pictorial stimuli.

Chapter Five outlines Study One, which covers the first four aims of this research. In
Study One, single-group CFA is the primary analytical approach applied in order to
separate random error variance from trait variance for the implicit attitude scores.
Using this approach, the reliability of the APTs and IATs are investigated using CR
and AVE (Aim 1). The internal construct validity of these tasks is assessed using onefactor single-group CFA (Aim 2). Convergent and discriminant validity for the
VIATs and PIATs are then evaluated using three-factor single-group CFA (Aim 3),
as well as higher-order CFA (Aim 4). Together, Study One provides a thorough
examination of the influence of random error variance on the implicit attitudinal
scores, and delivers an estimate of the robustness and validity of the APT and IAT.

Chapter Six outlines Study Two, which expands upon the findings of Study One by
separating systematic sources of error variance, such as method effects, from the
estimate of trait variance produced by single-group CFA. This is possible by using
the CFA-MTMM data analytic approach that separates observed scores into trait,
method and error components. CFA-MTMM thus enables a strict assessment of
construct validity, which is applied to the four empirical IATs (Aim 5).
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Chapter Seven outlines Study Three, which explores the potential use of SEM
approaches to facilitate substantive enquiries for IATs. This study investigates
whether it is possible to ascertain an IAT effect, indicating implicit racially-related
biases, by assessing the equivalency of congruent and incongruent responses using
Multiple-groups CFA (Aim 6). The influence of certain participant characteristics,
namely sex, age and travel experience, on the IAT effect scores is explored using
MIMIC modelling (Aim 7). Study Three demonstrates the use of latent modelling
techniques to facilitate applied research using implicit attitude measures.

General Discussion
Lastly, Chapter Eight provides a general discussion regarding the implications of this
research. The findings of the three studies are summarised and the overall
repercussions of the results are explored. This chapter covers the limitations of this
thesis and provides suggestions for future research. Chapter Eight ends with the
overall conclusions of this dissertation.
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CHAPTER ONE
Implicit Attitudes: Conceptual and Procedural Issues
Introduction
Attitudes are favourable or unfavourable dispositions towards social objects such as
people, places and policies (Stanley, Phelps, & Banaji, 2008). Attitudes enable
efficient responses to simple sensory information, but also inform the more complex
responses required when engaging with other individuals, groups, objects or events
encountered throughout life (Stanley et al., 2008). Multiple underlying processes
guide attitude development. The two main processes to attitude development are
firstly a reflective and intentional explicit process, and secondly, an impulsive and
automatic implicit process (Haeffel et al., 2007). Explicit processes differ from
implicit processes by requiring conscious awareness and cognitive effort, whereas
implicit processes occur spontaneously without any need for conscious effort or
awareness. These distinct processes are well documented and can be evidenced from
both behavioural data and psychophysiological data using MRI and EEG scanning
equipment, with separate brain regions implicated for implicit and explicit attitude
processing (Amodio, 2013; Cunningham, Johnson, Gattenby, Gore, & Banaji, 2003;
Cunningham, Johnson, et al., 2004; Phelps et al., 2000; Stanley et al., 2008).

This introductory chapter begins with an overview of explicit attitude measures and
their limitations, emphasising the need for implicit attitude assessment techniques to
overcome these limitations. The development of implicit and explicit attitudes is then
explored using the dual-process theoretical framework to conceptualise the formation
and relationship between these cognitive processes. The foremost measures
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developed to access these implicit processes will then be introduced, namely the
Affective Priming Task (APT; Fazio, Sanbonmatsu, Powell, & Kardes, 1986) and the
Implicit Association Test (IAT; Greenwald, McGhee, & Schwartz, 1998). A
procedural description of these implicit attitude measures will clarify how each task
operates and how an estimate of implicit attitudes is devised using these techniques.
Implicitly measured attitudes will briefly be reviewed in relation to explicitly
measured attitudes. It will be shown that there can be substantial divergence in
findings between implicit and explicit methods of attitude assessment, particularly
when assessing socially sensitive constructs such as racial prejudice. In these
instances, implicit attitude measures have exhibited greater predictive power than
explicit measures on a wide range of behavioural, judgement and physiological
outcomes. This chapter concludes that the key advantage of implicit attitude
measurement techniques is in the detection of attitudes people may be unwilling to
openly share.

Explicit Attitude Measures and Their Limitations
Explicit attitudes refer to consciously held evaluations of people, places and
constructs (Nosek et al., 2006). Explicit views are knowingly endorsed and may be
offered as opinions following a process of consideration and personal reflection. The
field of attitudinal measurement has traditionally depended on explicit attitude
measures such as self-report questionnaires to ascertain these considered opinions
(Harrison, Mclaughlin, & Coalter, 1996). Explicit attitude measures require
participants to express their views towards attitude objects, often through the use of
Likert or Semantic Differential scales (Dawis, 1987). Likert scales refer to a
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commonly utilised five-point bipolar response format, though the scales may use
greater or fewer points. Participants rate level of agreement with each statement on a
scale that ranges, for instance, from Strongly Disagree through to Strongly Agree
(see Figure 1.1a). The Semantic Differential technique differs in that it is used to
assess feelings along a continuum. For instance, participants may mark on a
continuum ranging from Bad to Good how they feel about a particular question (see
Figure 1.1b). While these explicit attitude measures are invaluable tools which have
been used extensively for over 80 years, they suffer from several limitations
(Perugini & Banse, 2007).

a)

Likert Scale

b)

Semantic Differential Scale

Australia is a very multicultural country.

Multiculturalism in Australia is….

(Please advise how you feel about the above statement)

(Please advise how you feel about the above statement)

Figure 1.1. Example Likert and Semantic Differential scales for responding to
explicit attitudinal questionnaires.

The primary limitation of explicit attitude measures is that there is an inherent
assumption that participants have the ability and motivation to report attitudes and
beliefs truthfully. However such an assumption is not always correct (Greenwald &
Banaji, 1995). Self-presentation strategies, whereby a participant’s true attitudes
towards a topic are distorted to present more socially acceptable responses, are a
commonly reported issue for explicit attitude measures. These self-presentation
strategies are particularly prevalent when investigating contentious or sensitive
constructs such as racial prejudice (Greenwald et al., 2002; Hofmann & Schmitt,
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2008; Nosek et al., 2007; Schnabel, Asendorf, & Greenwald, 2008a; Spence, 2005).
In order to overcome this potential bias, many attitudinal and personality scales
contain inbuilt social desirability measures, often termed ‘lie scales’, which aim to
assess the veracity of responses. Yet even with lie scales and other such validity
checks, these instruments do not provide a way of determining a respondent’s true
feelings or attitudes. Rather lie scales merely alert the researcher to the possibility
that the participant may not have responded with an acceptable level of bias.

Response veracity is, however, not the only issue for explicit attitude measures.
There is documented evidence that people generally have very limited introspective
access to the psychological processes that guide their behaviour (Nisbett & Wilson,
1977). For instance, people are often unable to explain accurately why they acted or
spoke in a particular fashion, relying instead on external cues to infer a reason, such
as ‘I have finished all the food in my bowl so I must have been hungry’ (Nisbett &
Wilson, 1977). Clearly, this poses an even greater problem than self-presentational
distortions for the use of self-report measures in psychological research (Gawronski,
2009) as participants cannot accurately present attitudes for which they are unaware.
These issues have led psychologists to search for alternative means to assess people’s
‘inner minds’. In a shift from traditional explicit attitude measures, implicit attitude
measures infer underlying attitudes from participants’ performance on timed
categorisation tasks (Gawronski, 2009). This reliance on quick reaction-times
minimises issues of self-presentation distortions and limited self-awareness by
reducing the participant’s mental control over their responses (Stanley et al., 2008).
These indirect attitude measures provide a novel approach to accessing underlying,
automatic attitudes that the individual may not even be aware he or she possesses.
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Conceptual Overview of Implicit Attitudes
The unintended impact of expectation on an individual’s perceptions, judgements,
memory and behaviour was established in some of the very first empirically-based
psychological experiments (e.g. Ebbinghaus, 1885; Stroop, 1935). Since those
seminal studies, research has continued to reveal that attitudes, such as stereotyping
and prejudice, can also occur automatically or outside of conscious awareness
(Cunningham et al., 2001; Greenwald et al., 2009; Hofmann, Gawronski,
Gschwendner, Le, & Schmitt, 2005; Jost et al., 2009).

Automatic attitudes are activated spontaneously like a reflex (Lane, Banaji, Nosek, &
Greenwald, 2007). Automaticity is likely due to well organised semantic links within
memory stores that have been developed and reinforced through personal
experiences (Neely, 1977). These automatic operations are defined as implicit
processes, which differ fundamentally from explicit processes that are controllable,
made with awareness and require intent and cognitive resources (Nosek, 2007). As
such, explicit processes require cognitive effort, whereas implicit processes occur
impulsively without exertion or awareness and the attitude bearer may be completely
unaware of their presence. Theories of implicit bias assert that automatic processes
impact people’s decisions and actions, a view which is divergent from the common
perception that people are guided solely by their explicit beliefs and conscious
intentions to act (Greenwald & Krieger, 2006).

In accordance with the concept of separate implicit and explicit processing routes,
attitudes also consist of two related but theoretically distinct types: an explicit and an
implicit type (Cunningham et al., 2001; Greenwald & Farnham, 2000; Lane et al.,
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2007; Nosek, 2007; Nosek & Smyth, 2007; Ranganath, Smith, & Nosek, 2008).
Explicit attitudes are consciously endorsed and evident when individuals have
sufficient time to provide considered responses, such as when completing a survey or
questionnaire. Explicit attitudes differ from implicit attitudes because the individual
is aware of the evaluative process and is thus able to assign mental effort to the
development of an attitudinal appraisal. Implicit attitudes, conversely, occur
spontaneously, are generally triggered by cues within the environment, and happen
without any contemplation by the attitude bearer (Fazio et al., 1986). An implicit
attitude has been described as “an introspectively unidentified trace of past
experiences which mediates favourable or unfavourable thought, feeling or action
toward an object” (Greenwald & Banaji, 1995, p. 5). In other words, aspects of past
experiences automatically influence how an individual evaluates their present world.
The most useful theoretical framework to conceptualise these attitude types are the
dual-process theories of cognitive functioning.

Theoretical Models of Implicit Attitudinal Processes
The most prominent theories of cognitive functioning advocate a dual-process
understanding of attitudes (Bargh, Chaiken, Govender, & Pratto, 1992; Fazio et al.,
1986; Wilson, Lindsey, & Schooler, 2000). These theories all share the assumption
that information may be processed in two ways: either automatically using simple,
low-effort, readily accessible decision rules; or alternatively through a conscious,
active type of process, involving effortful scrutiny of relevant information
(Ranganath et al., 2008). It is assumed from application of these theories that the
representation and generation of implicit attitudes occurs similarly (Bargh et al.,
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1992; Fazio et al., 1986; Gawronski & Bodenhausen, 2006; Wilson et al., 2000). As
such, on perception of an object automatic activation of semantically connected
neurons occurs in the brain (Neely, 1977). This activation pattern results in an
implicit attitude that can influence further perceptions of the attitude object, the
situation in which it was encountered and subsequent behaviour (Bargh et al., 1992;
Fazio et al., 1986). Dual-process theories are thereby entirely consistent with the
theoretical understanding of automatic implicit attitudes and more effortful explicit
evaluations (Steinman, 2011).

Of the dual-process theories, the Dual-Attitude model (Wilson et al., 2000), the
Motivation and Opportunity as Determinates model (MODE; Fazio et al., 1986) and
the Associative-Propositional Evaluation model (APE; Gawronski & Bodenhausen,
2006) provide the most useful frameworks for understanding implicit and explicit
attitudes. According to the Dual-Attitude model, people can simultaneously possess
two different evaluations of the same attitudinal object: an automatically activated
implicit attitude as well as a deliberate explicit evaluation that requires effortful
processing to be retrieved from memory (Wilson et al., 2000). Using this approach, it
is expected that people access their explicit evaluations only when they have the
capacity and motivation to do so. As a result, implicit evaluation becomes the default
attitude form. This theory is very similar to the MODE model which states that
people will be guided by their explicit attitudes only when they have the motivation
and the opportunity (such as the time or cognitive resources) to consider their views
(Fazio et al., 1986). If either of these prerequisites is missing, then relatively
spontaneous processing of the attitudinal object occurs, resulting in judgements and
behaviour that are guided by implicit evaluations (Fazio et al., 1986).
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The Associative Processing Evaluation model (APE; Gawronski & Bodenhausen,
2006) builds on these earlier dual process theories by examining the underlying
processes thought to impact implicit and explicit attitudes. According to this
approach, an event/object activates a pattern of stored associations in the memory
that produces an automatic affective response. This associative process provides the
initial source of evaluation and an implicit attitude is the result (see Figure 1.2). The
particular associative pattern activated in the brain (highlighted by the bold
connections in Figure 1.2) differs depending on the context in which the object was
encountered. To transform an implicit attitude into an explicit evaluation,
propositional reasoning is applied. For instance, a negative affective reaction, such as
distaste, may be transformed within the reflective system into the reasoned
proposition that “I dislike X” (Strack & Deutsch, 2004). This propositional reasoning
process is a form of conscious appraisal that results in the development of an explicit
attitude. During the propositional reasoning phase, the emerging attitude can be
checked to ensure its consistency with already held values and with any other
relevant information2. Following the propositional reasoning review process, the
explicit attitude is formed.

2

Theories such as cognitive consistency (Festinger, 1957) are thus solely the domain of propositional
processing.
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Figure 1.2. Schematic representation of the APE cognitive model depicting the
interplay of associative activation and propositional reasoning in implicit and explicit
attitude development (Gawronski & Bodenhausen, 2006, p. 697).

Dual-process theories provide a strong foundation for understanding the relationships
between implicit and explicit attitudes. Yet the majority of implicit attitudinal
research has been relatively atheoretical (See Fazio & Olson, 2003; Greenwald,
2004; Greenwald, Nosek, Banaji, & Klauer, 2005; Steinman, 2011, for further
discussion). This is problematic, because even in exploratory research a theoretical
framework aids decisions, including those regarding which relationships to examine
further or which statistical analyses to apply. Ideally no researcher can be totally
atheoretical, as preconceived notions or expectations for the research will still guide
his or her behaviour and thus the research outcomes (as implicit attitude researchers

15
should be explicitly aware). Yet Greenwald in particular has strongly questioned the
popular notion that research is only valuable to the extent that it advances theory,
quoting Feyerabend (1975) who stated that “any attempts to specify bounds of
scientific method would be misguided… (as they) would inevitably exclude methods
that are valuable in the accumulation of scientific knowledge” (e.g. Greenwald, 2004,
p. 275). Proving this point, findings from purely methods-based or atheoretical
empirical studies (i.e. Greenwald, et al., 1998) have consequently been incorporated
into theories, such as the APE model, to further facilitate understanding of implicit
attitudinal processes. The next section presents an introduction to the implicit
measurement techniques that spearheaded the investigation into implicit processes
and helped guide theoretical conceptualisations of these functions.

Implicit Attitude Measurement Techniques
The first insight that sparked the development of modern implicit attitude measures
came from Franciscus Donders during the middle of the 20th century. Donders
developed an experiment in which participants were given a small electrical shock
through an electrode placed on each foot. Participants indicated which foot had
received the shock by pushing a button using their hand. Donders discovered
participants reacted faster when the hand responded to stimulation of the foot of the
same side (i.e. right hand and right foot) compared with when the opposite foot was
shocked (i.e. right hand but left foot) (Donders, 1969). Based on this finding,
Donders proposed that the difference in response times for the two tasks provided an
indicator of relative difficulty. The insight that underlying mental processes can be
informed through differences in reaction times is the fundamental concept behind
many implicit measurement techniques.
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Implicit attitudinal measures specifically began to be developed in the 1980s to
overcome the aforementioned limitations of explicit attitude measures and to explore
the possibilities of subconscious influences on attitudes. Use of these implicit attitude
measures enabled researchers to assess concepts without the participants’ awareness
of the target of measurement (Greenwald & Banaji, 1995). This in turn prompted a
rapid expansion of interest in implicit influences on social perceptions, judgements
and action (Nosek, 2007). While the distinction between implicit and explicit
attitudes was theoretically driven, in practice the difference is a methodological one
(Stanley et al., 2008). Explicit techniques allow time for self-reflection and the
provision of a considered response, whereas implicit techniques limit the opportunity
for introspection or deliberation by relying on speeded categorisation tasks (Nosek,
Greenwald, & Banaji, 2006). This emphasis on fast reaction times is the primary
differentiating factor between implicit and explicit attitude techniques. Implicit
attitude measures typically infer underlying mental processes from differences in
response latencies for the categorisation of associated stimuli (Krause, Back, Egloff,
& Schmukle, 2010). Whilst there are many different variations of implicit attitude
measures currently available (see De Houwer & De Bruycker, 2007; Nosek &
Banaji, 2001; Steinman & Karpinski, 2008), the two most widely used techniques for
measuring implicit attitudes are the Affective Priming Task (APT; Fazio et al., 1986)
and the Implicit Association Test (IAT; Greenwald et al., 1998).
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The Affective Priming Task (APT; Fazio et al., 1986)
The Affective Priming Task (APT; Fazio et al., 1986) was the first of the reactiontime-based tasks devised to measure implicit prejudice and has played a pivotal role
in stimulating research on the assessment of implicit attitudes and stereotypes
(Bargh, Chaiken, Raymond, & Hymes, 1996). The APT was designed by Fazio et al.
(1986) who argued that a person’s strongest and most commonly accessed attitudes
were capable of being automatically activated by the mere presence of an attitude
object. Further, this activation was argued to occur regardless of whether an
individual was aware of their opinions towards the attitude object or not and, once
activated, these automatic attitudes could influence the person’s behaviour. The APT
and other such priming procedures were created to measure the accessibility and
strength of these automatic attitudes.

The theoretical underpinning of the priming task is that the prime (word or image)
triggers an evaluative response that is either congruent or incongruent with the
response required by the target (Wittenbrink, 2007). As a result, on trials where the
prime and target share the same valence (i.e. they are both deemed positive or both
deemed negative) the participant will take less time to make the response already
triggered by the prime. When the prime and target differ in valence the response
implied by the prime interferes with the target response, producing a slower response
execution (Wittenbrink, 2007). The degree to which the prime facilitates a target
response serves as an indicator of the strength of association between the attitude
object and the target (Bargh et al., 1996).
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The Implicit Association Test (IAT; Greenwald et al., 1998)
Fazio et al.’s (1986) APT paved the way for the development of the Implicit
Association Test (IAT; Greenwald et al., 1998); now the most widely used method
for measuring implicit attitudes or biases (Jost et al., 2009). Following a similar logic
to the APT, the IAT provides an estimate of the strength of association between
concepts and attributes (Lane et al., 2007). However, rather than pairing each
category exemplar individually with an attribute exemplar, as is the case for the APT,
the IAT uses a dual-categorisation format, whereby participants categorise attribute
and category stimuli simultaneously. This enables the IAT to provide an assessment
of entrenched attitudes and stereotypes in half as many trials as that required by the
APT (Greenwald et al., 1998). At the time of the IAT’s inception, there was some
evidence of implicit social cognition, but the tools available lacked the sensitivity to
detect variability among populations. Greenwald et al. (1998) hoped developing the
IAT would enable valid and reliable assessment of implicit attitudes and stereotypes.

The IAT has proved popular and has been employed in well over 900 studies, far
more than any other reaction-time based implicit attitude technique (Rudman &
Ashmore, 2007). The IAT has been used with both clinical and community adult
populations, and applied to assess many and varied constructs, including, but not
limited to, political views (e.g. Greenwald et al., 1998), vegetarianism (e.g. Swanson,
Rudman, & Greenwald, 2001), alcohol and other drug use (e.g. Wiers, Woerden,
Smulders, & de Jong, 2002), religious differences (e.g. Rowatt, Franklin, & Cotton,
2005), racial stereotypes (e.g. Cunningham, Nezlek, & Banaji, 2004) and clinical
disorders (e.g. Gschwendner, Hofmann, & Schmitt, 2008). Yet the IAT was
restricted to a literate adult subject population due to its reliance on word stimuli.
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Such limitation excluded numerous populations including very young children and
the illiterate, which reduced the generalisability of implicit attitudinal findings. The
development of a more inclusive implicit attitude measure creates greater possibility
for examining attitudinal formation and development over the lifespan, which has the
potential to greatly aid theoretical conceptualisation of implicit attitude development.

The Pictorial Implicit Association Test (PIAT; Thomas, et al., 2007)
Thomas, et al. (2007) overcame this previous verbal restriction by introducing a fully
pictorial version of the IAT (the PIAT), which only uses pictorial stimuli for
categorisation. Pictorial stimuli require less effortful mental processing than word
stimuli due to stronger semantic links between pictures and the meaning they
represent (Carr, McCauly, Sperber, & Parmelee, 1982; Glaser & Glaser, 1989).
Because of this, the use of pictorial stimuli in the PIAT enabled significantly more
efficient categorisation of the stimuli (Thomas, 2008), resulting in faster, more
automatic responses. This greater automaticity, a key indicator of implicit
processing, is potentially indicative of a purer measure of implicit attitudes.
Furthermore, by removing the requirement of verbal fluency demanded by the
traditional verbal technique, use of the PIAT opens up the possibility for assessing
implicit attitudes in previously untestable populations such as younger children. It
also has potential for use in cross-cultural studies as it avoids issues such as
translation, salience of terms and illiteracy.

A detailed description of the procedure for each of these implicit attitudinal measures
is presented in the following section. This provides a stronger conceptualisation of
how each of these measures functions to deliver an estimate of implicit attitudes.
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A Procedural Description of the Implicit Measurement Techniques
Implicit attitudinal measures typically require speeded categorisation of affective
stimuli that are presented on a computer screen. Participants are required to respond
using one of only two designated response keys on a computer keyboard. The
average length of time taken to complete this action is interpreted as an indicator of
the ease with which the task was executed. Although there are many implicit
attitudinal tasks now available, the priming technique (APT) and the Implicit
Association Test (IAT) remain the most frequently used (Lane et al., 2007). The
following explanation will illustrate how implicit attitudes are inferred from each of
these reaction-based techniques in turn.

The Affective Priming Task
The affective (or evaluative) priming task (APT; Fazio et al., 1986) was adapted
from Neely’s (1977) sequential priming paradigm and was designed to assess
whether attitudes could be activated automatically. The APT is a categorisation task
that requires participants quickly judge whether a word is Positive or Negative. The
presentation sequence for a classic APT is as follows: a fixation point is initially
displayed on-screen to focus the participants’ attention, the prime word then appears
briefly, followed by the target (affective) word stimulus that remains on-screen until
the participant categorises it as a Positive or Negative word using two specified keys
(see Figure 1.3).
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Figure 1.3. Exemplar presentation sequence for a standard APT.

The presentation of a prime is assumed to facilitate or hinder the speedy
categorisation of the affective stimuli. Traditionally, the APT employs two
contrasting categories of prime stimuli, for instance Insects and Flowers. Exemplars
from both these categories precede the Positive and Negative word stimuli during
each of the hundreds of trials required by a standard APT. Average reaction times are
calculated for each of the four possible experimental conditions to develop an overall
indication of implicit attitudes towards these attitude objects, which in this case are
Flowers and Insects. For instance, in a particular trial a participant may witness
momentarily the word “cockroach” before being asked to categorise the word
“disgusting” as either Positive or Negative as quickly as possible. The classic finding
is that participants make the required evaluative decisions faster when prime and
target are viewed as of the same valence (both perceived to be negative, for example)
than when the prime and target are of conflicting valences (Wittenbrink, 2007). The
underlying assumption of the APT is that the faster the response, the stronger and
thus more accessible and automatic the attitude (Bargh et al., 1996).
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To ascertain an estimate of implicit evaluation, the average time in milliseconds
between stimuli presentation and response is calculated for each of the four possible
prime/target pairings (Insect+Positive, Insect+Negative, Flower+Positive and Flower
+Negative). These averages are then compared using the following formula:

Evaluation = (PY-PX) – (NY-NX)

(1.1)

This index captures the degree to which attitude X relative to Y yields faster
responses for Positive (P) than Negative (N) targets (Wittenbrink, 2007). Thus for
this example, if X related to the Flowers category and Y to the Insects category,
higher scores calculated by the above formula would ostensibly indicate that the
Flowers elicited more positive implicit evaluations than the Insects did. This finding
is typically reported as an implicit relative preference for Flowers over Insects.

The Implicit Association Test
Similar to the APT, the IAT infers implicit evaluations on the basis of differences in
reaction times for varying selections of stimuli. The principal assumption underlying
the IAT is that if two concepts are highly associated, dual categorisation tasks will be
easier when those concepts share the same response than when they require different
responses (Greenwald et al., 1998). In other words, participants will perform more
quickly when they are able to rely on well-practised associations between objects and
attributes (Rudman & Ashmore, 2007). In a similar fashion to the APT, the IAT also
provides a measure of relative implicit bias. IATs require the constructs of interest to
have logical counter-constructs, like Males versus Females or Black people versus
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White people. Generally, these concepts include one pair of “category” constructs
(such as Flowers versus Insects) and one pair of “attribute” constructs (such as
Pleasant versus Unpleasant). To assess the relative strength of associations between
these pairs of concepts the IAT relies on a dual-categorisation format, which enables
the IAT to provide a measure of implicit attitudes using half the number of trials
required by the APT. This efficiency provides a considerable saving in terms of time
and effort for the participant.

During an IAT participants are asked to rapidly classify individual stimuli
representative of either a category or an attribute into one of four distinct groupings
using only two responses. Participants do not deliberate about their feelings as they
would if using explicit attitudinal measures, rather they categorise the items as
quickly as possible (Lane et al., 2007; Nosek, 2007). By way of example, in an IAT
the word “daisy” may appear on the screen and the participant’s objective is to
quickly identify that stimulus as a Flower rather than an Insect by pressing a
particular key on a computer keyboard. The underlying principle is that the more two
concepts are congruent with a participant’s attitudes, such as Flowers are associated
with Pleasant, the faster the participant will respond when these two stimuli share the
same response than when incongruent stimuli, such as Flowers and Unpleasant,
require a common response (Hummert, Garstka, O’Brien, Greenwald, & Mellott,
2002). In a standard IAT it is expected that participants will respond faster to the
congruent stimuli pairings than the incongruent pairings (see Figure 1.4 for an
example of congruent and incongruent stimuli pairs). When this expected outcome
occurs it is referred to as the IAT effect.
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a)

Congruent Pairings

Incongruent Pairings

Figure 1.4. Exemplar congruent and incongruent stimuli pairings (for the FlowerInsect Pictorial IAT).

Standard IAT Procedure
A detailed description of the basic IAT procedure expands on the above example. In
its original form, the IAT involves a pair of target concepts, such as Flowers and
Insects, and a pair of attribute concepts, such as Pleasant and Unpleasant. There are
four main components that comprise each IAT: Attribute-related stimuli
categorisation, Category-related stimuli categorisation, Congruent stimuli
categorisation and Incongruent stimuli categorisation. These categorisation
requirements, detailed below, comprise the seven standard steps of an IAT. Steps
Three, Four, Six and Seven are the empirical steps that supply the data for analysis
(see Table 1.1 for an overview).
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Table 1.1
The Seven Procedural Steps of a Typical Implicit Association Test
Step 1

Learn Attribute Dimension
Unpleasant vs. Pleasant words

Step 2

Learn Category Dimension
Insect vs. Flower words

Step 3

Congruent Dual-Categorisation Task *
Unpleasant and Insect words vs. Pleasant and Flower words

Step 4

Congruent Dual-Categorisation Task *
Unpleasant and Insect words vs. Pleasant and Flower words

Step 5

Learn Transposed Category Responses
Flower vs. Insect words

Step 6

Incongruent Dual-Categorisation Task *
Unpleasant and Flower words vs. Pleasant and Insect words

Step 7

Incongruent Dual-Categorisation Task *
Unpleasant and Flower words vs. Pleasant and Insect words

* Data from these steps are used for data analytic procedures.

Attribute-related Stimuli Categorisation.
Attribute-related stimuli categorisation involves simply categorising the Pleasant and
Unpleasant Attribute stimuli. This is Step One of the IAT, which facilitates learning
of the attribute stimuli exemplars. Participants are asked to rapidly classify items
representing two poles of an attribute dimension into their superordinate groups. For
example, words such as “happy”, “freedom” and “peace” are classified as Pleasant,
and words such as “filth”, “hatred” and “tragedy” are categorised as Unpleasant.
Traditionally, the words are presented sequentially in the middle of a computer
screen and respondents classify the words using two designated keys on a computer
keyboard. Figure 1.5 presents an example stimuli presentation sequence for the
attribute component involving two stimuli trials on a traditional verbal Implicit
Association Test (VIAT).
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Figure 1.5. Example presentation sequence for the attribute component of a VIAT.

Category-related Stimuli Categorisation.
Step Two involves learning the category dimension and requires the similarly simple
task of only categorising the category-related stimuli, such as Flower and Insect
stimuli. Respondents categorise the stimuli representing Flowers and Insects using
the same two keys employed for the attribute-related categorisation task.

Congruent Stimuli Categorisation.
Congruent stimuli categorisation involves dual-categorisation of attribute- and
category-related stimuli simultaneously, such that the previous two tasks are
combined. Step Three requires that participants sort four sets of stimuli at the same
time using only two keys. Congruent stimuli categorisation requires typically more
associated category and attribute stimuli be responded to using the same key. For
instance, participants may be required to respond to Pleasant or Flower words using
the right-hand key and to Unpleasant or Insect words using the left-hand key (see
Figure 1.4a). Such stimuli pairings are referred to as congruent because it is expected
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that most participants will intuitively link flowers with pleasant associations and
insects with unpleasant associations. Steps Three and Four are identical congruent
stimuli categorisation tasks. This repetition allows for double the number of trials to
be completed, whilst enabling participants a short reprieve in concentration between
blocks in order to reduce fatigue.

Category-related Stimuli Categorisation.
Step Five involves learning to switch the spatial location of the categories in that the
task from Step Two is repeated but in a transposed format. For example, if the
appropriate response for Flower stimuli in Step Two had been the left hand key,
respondents would now be required to use the right hand key, with the left hand key
used to categorise the Insect stimuli. This step prepares participants for the new
categorisation task that follows in Step Six.

Incongruent Stimuli Categorisation.
Incongruent stimuli categorisation is the second category-attribute pairing
combination that again requires participants sort stimuli from both category and
attribute groups. Step Six involves simultaneous sorting of four sets of stimuli with
incongruent combinations, whereby the pairings are reversed from Steps Three and
Four. As such, participants would now respond to Unpleasant and Flower words
using the left hand key (in this example), and to Pleasant or Insect words using the
right hand key (see Figure 1.4b). Step Seven is identical to Step Six. The pairings
presented in the last two steps of this example are referred to as incongruent because
for most people the stimuli are less intuitively grouped in this pairing than when in
the congruent grouping.
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The presentation of congruent pairings in Steps Three and Four, followed by
incongruent pairings for Steps Six and Seven is switched for every second
participant, so that order effects are minimised for the sample. The difference in
mean response times for the two block types (the original or congruent pairings
versus the reversed or incongruent pairings) provides an indication as to the direction
and extent of any evaluative associations attached to the target words. This difference
is calculated using the means and standard deviations of the response times in Steps
Three, Four, Six and Seven (see Table 1.1), by following the scoring procedures
outlined by Greenwald et al. (2003).

The IAT Effect Score (D; Greenwald, Nosek, & Banaji, 2003).
The IAT’s scoring formula is, in effect, a variant of the standardised mean difference
effect size measure Cohen’s d (Cohen, 1992), and it results in an individual IAT
effect score for each participant referred to as a D score (Greenwald et al., 2003).
The IAT effect score is the key outcome of the IAT and can be interpreted using the
guidelines provided by Greenwald et al. (2003). They advise that an IAT effect score
greater than .60 implies strong negative implicit prejudice (i.e. strong preference for
the congruent over the incongruent combination), an effect score between .35-.60
demonstrates moderate negative prejudice, .15-.35 implies slight prejudice and
scores lower than .15 indicate non-existent prejudice (Greenwald et al., 2003).

To summarise, an IAT effect is evident when participants respond significantly faster
to the congruent than the incongruent sets of stimuli. For the above example, if an
IAT effect had occurred it would have indicated an implicit relative preference for
Flowers over Insects. The IAT effect score is a measure of the size of this bias and
provides a guideline as to the extent of the implicit preference.
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The Pictorial Implicit Association Test
The procedure outlined above for the original verbal IAT (or VIAT) is the format for
all IATs, though there is some variation in the delivery of stimuli. Although
traditionally restricted to word stimuli, the introduction of the Pictorial Implicit
Association Test (PIAT; Thomas et al., 2007) expanded the repertoire of stimuli
usable with the IAT to include all forms of pictures (for example, see the pictorial
category exemplars depicted in Figure 1.4). The methodology is exactly the same for
the PIAT as the VIAT, but instead of categorising words the participants categorise
pictorial representations of the attitude objects. For instance, Positive and Negative
smiling icons (“smileys” or “emoticons”) replace the Positive and Negative affective
stimuli, and pictures of Flowers and Insects replace the traditionally employed verbal
stimuli. To provide further examples, pictures of people from different ethnic groups
could replace the stereotypical name stimuli often used to ascertain implicit racial
prejudices. Additionally, images of popularly branded food items could be used to
assess implicit attitudes towards certain companies, or pictures of politicians’ faces
might enable an estimate of implicit political preferences. Both the PIAT and the
VIAT enable the assessment of countless different attitudinal constructs, but now
there is also the flexibility of various visual formats.

Originally the PIAT was developed for use with very young pre-school children who
were unable to read. This initial PIAT pilot group completed the task using a touch
screen, which facilitated the developmental stage of the young participants (Thomas
et al., 2007). In this case, the participants pressed the touchscreen on the right or left
hand side to indicate their responses rather than using a standard computer keyboard.
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This is not a requirement of the PIAT, but is an additional option which can be
utilised depending on the capabilities of the participant group. Otherwise, all aspects
of the VIAT and the PIAT have been designed to be equivalent.

Summary
Implicit attitude measures aim to infer underlying mental processes from differences
in reaction times on dual-categorisation tasks. This emphasis on quick response times
differs substantially from explicit methodology that allows time for reflection and
consideration of the endorsed evaluations. These distinct procedural and theoretical
processes, outlined in the present section, have resulted in discrepancies between an
individual’s implicitly and explicitly measured attitudes, especially when exploring
socially contentious issues.

Advantages of Implicit over Explicit Attitude Measures in the Detection
of Socially Unacceptable Attitudes
Explicitly and implicitly measured attitudes towards the same attitude object were
initially expected to be reasonably similar (Greenwald et al., 1998). Yet metaanalyses that examined the strength of relationship between implicitly and explicitly
measured evaluations have indicated substantial variability (Greenwald et al., 2003;
Hofmann et al., 2005; Nosek, 2007). For instance, in one meta-analysis across 56
attitudinal domains, Nosek (2007) uncovered implicit-explicit correlations that
ranged from strongly positive (e.g. above .70 for Pro-choice vs. Pro-life constructs)
through to weakly positive (e.g. .20 for racial constructs, such as White vs. Asian).
Consensus regarding these disparate results is that constructs of a more controversial
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nature tend to produce lower implicit-explicit correlations than less socially sensitive
constructs, where conscious editing of attitude expression is presumably reduced.
These results imply that the strength of the correlation between implicit and explicit
attitude measures of a similar attribute is dependent on the level of stigmatisation
associated with that target attitude (Swanson et al., 2001). In accordance with this
theory, assessment of socially sensitive attitudes such as racial prejudice have often
resulted in considerable disparity between participants’ explicit and implicitly
measured attitudes (e.g. Cunningham, Nezlek, et al., 2004; Greenwald et al., 1998;
Hummert et al., 2002; Kawakami & Dovidio, 2001; Stanley et al., 2008).

Greenwald et al. (2009) highlighted this discrepancy when they conducted a
comprehensive meta-analysis of 122 studies that employed not only the IAT, but also
an explicit questionnaire and an outcome measure of relevant observable behaviour.
Overall they found the attitude measures reasonably predicted outcomes on a wide
range of behavioural, judgment and physiological measures, such as quality of crosscultural interactions, consumer choices, alcohol consumption, amygdala activation,
and so forth. However, one third of the studies inspected in the meta-analysis
specifically investigated intergroup discrimination. Of these, the predictive validity
of the IATs significantly exceeded that of the self-report measures, whereas the
explicit attitude measures demonstrated superior predictive validity for domains such
as political preference and consumer attitudes (Greenwald et al., 2009). This implies
implicit attitude measures are stronger tools for predicting behaviours in situations
where social desirability factors may be at play, whereas explicit attitude measures
may be more efficacious for predicting controlled behaviours where social
desirability concerns are limited (see also Dovidio, Kawakami, & Gaertner, 2002;
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Perugini & Banse, 2007; Schnabel et al., 2008a; Spalding & Hardin, 1999). Several
design and procedural aspects of implicit attitude measures enable a stronger
estimate and greater predictive power for discriminatory or prejudiced attitudes than
traditional explicit techniques (Greenwald & Krieger, 2006; Greenwald et al., 2009).
Because of this, one of the primary advantages of implicit attitude measures is the
detection of socially sensitive views.

Chapter Summary and Conclusion
Implicit attitude measures, such as the APT (Fazio et al., 1986) and IAT (Greenwald
et al., 1998), were designed to overcome some of the limitations associated with
explicit attitude measures. Over recent decades, dual-process theories have helped
conceptualise implicit and explicit attitudes as being similar yet distinct processes.
This has aided in the understanding of commonly reported discrepancies between
implicitly and explicitly measured attitudes, particularly when assessing socially
sensitive constructs. The following chapter presents a discussion of findings from the
implicit attitudinal literature across the topics of racial prejudice, alcohol and other
drug use, and implicit body image. These three research topics have traditionally
proven difficult to assess using explicit measures and whilst not exhaustive, they are
presented to illustrate the empirical utility of implicit attitude measures across a
range of research domains.
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CHAPTER TWO
The Application of Implicit Attitude Measures to Contentious
Research Topics: A Critical Review
Introduction
Implicit attitude measures have been argued to possess greater predictive validity for
the assessment of socially sensitive or contentious issues (e.g. Greenwald et al.,
2009). Underlying this argument is the assumption that several design and procedural
aspects of implicit measurement techniques minimise opportunity for introspection
and reduce a participant’s control over the responses they provide (Greenwald &
Krieger, 2006). As noted in the previous chapter, implicit attitude measures such as
the Affective Priming Task (APT; Fazio et al., 1986) and the Implicit Association
Test (IAT; Greenwald et al., 1998) differ from explicit questionnaire methods by
being resistant (if not immune) to faking or deliberate manipulation of responses
(Banse, Seise, & Zerbes, 2001; Nosek, 2007; Stanley et al., 2008). This poses a
considerable advantage over explicit attitude measures whose validity can be
substantially reduced by social desirability and self-presentational biases (Lowes &
Tiggemann, 2003; Nosek et al., 2006; Perugini, 2005; Sherman, Rose, Koch,
Presson, & Chassin, 2003; Spence, 2005). Such biases arise from participants
distorting their true views on controversial issues to instead give more flattering or
socially appropriate responses (Greenwald & Krieger, 2006). The more contentious
the issue under investigation, the more likely self-presentational distortions will
affect the veracity of responses (Lane et al., 2007; Nosek, 2005; Sherman et al.,
2003). It is for this reason the most important applications for implicit attitude
measures are in the detection of socially sensitive attitudes.
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The present chapter examines findings from implicit measurement techniques across
three socially contentious research topics: racial prejudice, substance use and body
image. These topics have proven prime candidates for implicit attitude assessment
and together provide evidence for the functional and predictive utility of implicit
measurement techniques. A review of relevant APT and IAT findings are presented
in turn for each of the three research domains, demonstrating that implicit attitude
techniques promote an advantage over explicit attitude measures for these socially
contentious topics. However, the review also reveals some inconsistencies amongst
the presented research that suggest implicit attitude scores can be influenced by
confounding factors, such as priming effects and task stimuli. Such extraneous
factors may act to reduce the reliability and validity of implicit attitude techniques. It
is argued that although there is evidence for the functional and predictive utility of
implicit attitudinal measures, these psychometric concerns need to be systematically
investigated.

Implicit Attitudinal Findings in the domain of Racial Prejudice
Implicit techniques can often uncover controversial or socially sensitive attitudes that
may remain undetected using explicit techniques. Disparity between explicitly
endorsed and implicitly held attitudes is particularly evident for racially prejudiced
attitudes in Western society, where there is much social pressure to not reveal
racially discriminatory attitudes due to increased acceptance of multicultural ideals
(Amodio, 2013; Gilens, Sniderman, & Kuklinski, 1998). Regardless of this pressure,
deeply ingrained racial prejudices can remain prevalent albeit difficult to ascertain
using traditional questionnaire methods.
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Racial prejudice refers to negative emotional reactions (or attitudes) toward a person
or group due to race or religion (Amodio, 2013; Schweitzer, Perkoulidis, Krome, &
Ludlow, 2005). Prejudice by definition involves differential treatment of one group
over another (Rudman & Ashmore, 2007). As such, implicit attitude measures are
well-suited to the assessment of racial prejudice because they deliver an indication of
relative preference for one construct over another. Furthermore, many everyday
situations involve only quick, superficial evaluations in which people are unlikely to
deliberate, such as choosing whom to sit next to on a crowded bus. The speeded
reaction times utilised by implicit attitude measures reduce the opportunity for
deliberation, potentially producing an attitude assessment more attuned with these
spontaneous decisions than would be obtained with considered reflection using
explicit attitude measures. Thus the automaticity of implicit attitude measures is
another advantage for the assessment of intergroup bias.

Many of the seminal studies in the field of implicit attitudes have investigated
automatic racial evaluations. These key studies along with other supporting research
are presented in the current section to highlight the validity and predictive utility of
implicit attitude measures for the assessment of racial prejudice. How the APT and
IAT can be adapted to assess inter-racial attitudes will be shown, along with what
information these instruments provide and implications for the possession of
negative implicit racial biases. It will be concluded that racial prejudice is well-suited
to implicit attitude assessment, and is an important candidate for such research.
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Changes in social norms throughout Western society commonly discourage outward
expression of racial prejudice (Amodio, 2013; Devine, Plant, Amodio, HarmonJones, & Vance, 2002). Such a shift has been evident in a drastic reduction of
prejudiced attitudes self-reported using explicit techniques (Islam & Jahjah, 2001;
Schweitzer et al., 2005). However, it is difficult to determine whether decline in
expressed prejudicial views is a reflection of true attitude change or merely an
indication of pressure to not reveal such opinions. To avoid the possibility of
appearing racially biased, participants may choose to apply self-presentation
strategies to minimise any expressed prejudiced views (Devine, 1989; Devine et al.,
2002; Dovidio et al., 2002; McConahay, Hardee, & Batts, 1981). This impression
management reduces the potential for the attitude-bearer to be negatively evaluated
by others, but it also acts to limit the validity and representativeness of traditional
explicit attitude assessment measures. Such manipulated responding can result in an
underestimation of racial prejudice within contemporary Western society (Amodio,
2013; Dolnicar, 2005; Dunn, Forrest, Burnley, & McDonald, 2004; Islam & Jahjah,
2001; Poynting & Mason, 2007; Schweitzer et al., 2005). By avoiding the issues of
self-presentation bias, implicit attitude measures can facilitate a clearer insight into
individual’s automatic evaluations and stereotypic thoughts. Deeply ingrained biases
have been shown to influence behavioural outcomes, such as negative inter-racial
interactions (Amodio, 2013; Dasgupta, McGhee, Greenwald, & Banaji, 2000).
Because of this, the assessment of racial attitudes is arguably one of the more critical
applications for implicit techniques.
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Findings from the Affective Priming Task
In one of the earliest demonstrations of implicit intergroup bias, Fazio et al. (1995)
applied their APT to assess systematic differences in reaction times as a function of
race and valence. Participants were shown photographs of either White or Black
faces before quickly categorising subsequent words as either positive or negative.
The facial prime stimuli were described as distracters designed to make the task more
challenging. Fazio et al. (1995) discovered that when White participants classified
positively valenced words, their responses were faster when they had been exposed
to White rather than Black faces. Yet when they classified negatively valenced
words, their responses were faster after exposure to Black rather than White faces
(Fazio et al., 1995). This pattern of findings has been widely interpreted as indicating
the presence of implicit racial bias in favour of White people relative to Black people
(Jost et al., 2009; Wittenbrink, Judd, & Park, 1997). Fazio et al. (1995) also found a
level of relationship between priming task scores and spontaneous cross-cultural
interactions. As part of the experiment, the participants interacted with an African
American researcher who later rated this interaction for level of interest and
friendliness (unaware of the participants score on the APT). Participants’ responses
on the Modern Racism Scale (an explicit questionnaire; McConahay et al., 1981) did
not predict the quality of interaction with the research assistant, but their implicit
APT scores did (Fazio et al., 1995). This revealed the implicit APT measure had
greater predictive utility than the explicit questionnaire for the prediction of
spontaneous cross-cultural interactions. This finding has been replicated (Wilson et
al., 2000; Wittenbrink et al., 1997) and extended with the use of independent raters to
judge the quality of cross-cultural interactions (e.g. Dovidio et al., 2002). In another
study, scores on the APT were found to negatively correlate with how long
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participants would maintain eye contact with someone of different ethnicity (Dovidio
et al., 2002). In both instances, the APT revealed greater relationship with the
behavioural racially-relevant outcome than the explicit questionnaire measure did
(Dovidio et al., 2002). These studies demonstrate substantial advantage for the use of
APTs in the assessment of racial prejudice.

Findings from Implicit Association Tests
Fazio et al.’s APT research paved the way for the Implicit Association Test (IAT;
Greenwald et al., 1998). As described in Chapter One, the IAT is based on the
assumption that highly associated categories will result in faster performance than
less associated categories during a forced-choice dual-categorisation task. The first
IAT experiments focused on racially-relevant expected group differences between
Japanese American and Korean American participants using a Japanese/Korean IAT
(Greenwald et al., 1998). Due to the history of military subjugation of Korea by
Japan during the first half of the 20th century, this IAT was expected to reveal
mutually opposed implicit attitudes. As expected, Japanese American participants
responded significantly faster to Japan+Positive, Korea+Negative stimuli
combinations than for the transposed conditions, while the Korean American
participants responded in the opposite fashion. This finding supported the application
of the IAT to the study of racial biases. Greenwald et al. (1998) then subjected White
participants to a Black/White IAT in order to examine consciously disavowed
evaluative differences. This study revealed the now well-replicated finding of an
implicit preference for White over Black people as illustrated by significantly faster
responses to the congruent (i.e. White+Positive, Black+Negative) than the
incongruent (i.e. White+Negative, Black+Positive) stimuli combinations
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(Cunningham, Nezlek, et al., 2004; Dasgupta et al., 2000; McConnell & Leibold,
2001; Nosek & Smyth, 2007; Rudman & Ashmore, 2007). Implicit preference for
White over Black people has been well evidenced, even in children as young as six
(Baron & Banaji, 2006) and four years of age (Cvencek, Greenwald, & Meltzoff,
2011). Such results imply implicit racial biases are ingrained at an early age and are
thus an important area for further research.

Neurobiological research also supports the application of IATs to the assessment of
racial prejudice. Employing EEG and fMRI brain imaging equipment, Phelps et al.
(2000) revealed IAT effect scores were correlated with amygdala activation in White
participants exposed to Black (rather than White) faces (see also Amodio, 2013;
Cunningham et al., 2003; Cunningham, Johnson, et al., 2004). The part of the
amygdala that activated is affiliated with quick emotional responses to threat, such as
fear (Amodio, 2013; Phelps et al., 2000). Evidence of a physical fear response on the
viewing of Black rather than White faces for White participants during the
completion of a Race IAT indicate the IAT was assessing the construct it intended to,
namely automatic racial concern. No correlation between amygdala activation and
the explicit questionnaire responses was evidenced (Phelps et al., 2000), illustrating
the IAT was more strongly related to the body’s physical response to fear than the
explicit questionnaire was. This result provides evidence for a distinction between
implicit and explicit processing, and that the implicit attitude measures provided a
superior assessment of racial prejudice.
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Divergence between implicitly and explicitly assessed racial attitudes has often been
reported (see Chapter One; Banse, 1999; Cunningham, Nezlek, et al., 2004;
Cunningham et al., 2001; Greenwald et al., 1998; Hofmann et al., 2005; Nosek,
2005; Swanson et al., 2001). This incongruity between implicit and explicit attitude
measures is typically interpreted within the dual-process framework, with the
expectation that divergence will be greater the more contentious or socially sensitive
the construct of interest is (Nosek, 2007; Sherman et al., 2003). Yet, Karpinski and
Hilton (2001) notably failed to find any correlations between the IAT and explicit
attitude measures, even when social desirability pressures were minimised3.
Conversely, McConnell and Leibold (2001) reported moderately strong relationships
for a socially contentious racial-related construct measured using a Racial IAT and
an explicit racial prejudice questionnaire (McConnell & Leibold, 2001). These
findings are inconsistent and strongly query the claim that divergence between
implicit and explicit attitude measures is simply a function of stigmatisation.
However, McConnell and Leibold (2001) are not the only research to show a clear
link between explicitly and implicitly held negative attitudes towards racial groups.

Prejudiced Attitudes against Arab Muslims and the Middle East
Over the last decade research has revealed considerable negative affect towards
Arab/Muslims by Westerners using both explicit and implicit attitude measurement
techniques (e.g. Agerström & Rooth, 2009; Chopra, 2008; Dunn et al., 2004; Dunn et
al., 2008; Gibson, 2008; Park, Felix, & Lee, 2007; Rooth, 2010). These views are
likely the result of several well-publicised socio-political events, including the

3

Social desirability was minimised by assessing attitudes towards apples and candy bars, which was
deemed unlikely to result in participants feeling the need to monitor their responses (Karpinski &
Hilton, 2001).
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destruction of New York’s twin towers by 19 men bearing distinctively Muslim
names and the “War on Terror” predominantly instigated by the United States of
America on the Middle East (Dunn et al., 2004; Rashid, 2009). Explicit
questionnaire results have revealed substantial antipathy towards Arab/Muslims
throughout the United States of America, England, Denmark and Australia (Chopra,
2008; Dunn et al., 2004; Dunn et al., 2008; Gibson, 2008; Islam & Jahjah, 2001;
Rashid, 2009). For instance, Australian research found Arabs were perceived as the
most threatening racial group (Islam & Jahjah, 2001) and concern regarding Muslims
was over twice as high as concern regarding Black Africans or Indigenous
Australians (Dunn et al., 2008). These explicitly stated attitudes are consistent with
IAT research that reveals “Other” foreign (ostensibly unfamiliar) names are
considerably preferred over Arab/Muslim names (e.g. Agerström & Rooth, 2009;
Nosek et al., 2007; Park et al., 2007; Rooth, 2010; Rowatt et al., 2005). For instance,
Park et al. (2007) found an implicit preference for Black names (e.g. “Jerome”) over
Arab names (e.g. “Muhammad”) using the IAT (Park et al., 2007), a finding also
supported by explicit attitudinal research (Chopra, 2008; Dunn et al., 2004). Together
these studies reveal high levels of anti-Arab prejudice (both implicit and explicit)
expressed by participants across the Western world.

Evidence of such extensive anti-Arab prejudice is concerning as discriminatory
attitudes are often indicative of a disposition of generalised intolerance.
Cunningham, Nezlek and Banaji (2004) demonstrated robust evidence for a general
ethnocentric attitude underlying automatic prejudiced evaluations towards a variety
of social groups. Using structural equation modelling, each of the social group
factors, White versus Black, Straight versus Gay, Christian versus Jewish, Rich
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versus Poor, and American versus Foreign, all loaded strongly onto a single higherorder factor of implicit ethnocentrism. These results indicate that those who hold
negative attitudes toward one disadvantaged group are likely to consistently have
negative attitudes evoked by other culturally disadvantaged out-groups
(Cunningham, Nezlek, et al., 2004). This generalisability of implicit prejudice has
considerable ramifications, both for the attitude-bearer and for the out-group being
discriminated against.

Implications for Negative Implicit Racial Bias
Rudman and Ashmore (2007) provided a clear demonstration of the link between
possessing negative implicit racial attitudes and unambiguously harmful behaviour
towards minority group members. Scores on their Racial IATs were found to
significantly relate to self-reported racial discriminations, such as: verbal slurs (e.g.
expressing racially or ethnically offensive comments and jokes), excluding others
from social gatherings and organisations because of their ethnicity, engaging in
threat, intimidation, nonverbal hostility (e.g. giving ‘the finger’) and even physically
harming out-group members and/or their property (Rudman & Ashmore, 2007).
Although it is unusual for participants to respond with such honesty regarding these
prejudiced activities, for each item of the questionnaire participants were first asked
whether they had themselves been subjected to that form of discrimination before
consequently asking if they had done likewise. This process may have helped
normalise the experience and encouraged honesty of responses. A relationship
between implicit prejudice as measured by the IAT and such unambiguously harmful
behaviours supports the validity of the IAT for prejudice-related research.
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Rudman and Ashmore’s (2007) research was extended to also examine economic
discrimination in the form of hypothesised budget cuts for various minority groups’
student organisations. Implicit racial biases of the predominantly White university
students predicted economic discrimination against Jews, Asians and Black people.
These findings support the usefulness of applying IATs to prejudice assessment.
Rudman and Ashmore’s (2007) research indicate that possession of negative implicit
attitudes can influence overt negative behaviours as well as more subtle decisions,
both of which can profoundly impact members of the out-group. This concept of
influence was further examined in a series of studies by Rooth et al. (2009, 2010)
focused on employer discrimination in Sweden. Rooth et al. (2009, 2010) found
implicit anti-Arab prejudice (which was detected in 94% of participating managers
using a Racial IAT) was strongly and negatively correlated with the likelihood of
managers providing interview opportunities for Arab job applicants (Agerström &
Rooth, 2009; Rooth, 2010). These findings elucidate the possible extent of economic
and social impacts that could result from the unchecked negative implicit attitudes of
politicians, policy makers and managers.

The potential impacts of implicit bias are not more clearly demonstrated than in a
study by Green et al. (2007) of medical doctors in the United States of America. The
physicians completed measures of implicit and explicit racial bias and were
randomly assigned to make a hypothetical diagnosis and expert recommendation for
a 50 year old male patient who could require a thrombolysis, a standard medical
treatment designed to break up blood clots, which is often used to treat heart
conditions (McCaul, Lourens, & Kredo, 2012), strokes and deep vein thrombosis
(Watson & Armon, 2004). The hypothetical patient happened to either be a White or
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a Black male. The physicians were shown to report no explicit preference for White
or Black patients; however they exhibited substantial pro-White/anti-Black biases at
the implicit level. The degree of the physician’s pro-White implicit bias was found to
be positively associated with the likelihood of recommending thrombolysis for White
patients and negatively associated for similar treatment for the Black patients. This
study revealed that implicit racial bias can lead to the withholding of valuable
medical treatment for some patients. From this it is possible to infer that implicit
bias, of which the individual may be completely unaware, can have life-or-death
consequences for others (Jost et al., 2009). The research of Green et al. (2007)
indicated that prejudice against Black patients was only evidenced by the IAT and
not the explicit attitude measure. This underlines the integral and important role of
the IAT in the assessment of automatic racial prejudice.

Summary of Implicit Attitudinal Findings for Racial Prejudice
Implicit attitude measures typically elicit a strong preference for White over Black
people in the majority of Western participants, even for children as young as four
years of age. This is despite explicit questionnaires that indicate prevalence of racial
prejudice is on the decline. The presented review found implicit attitude scores were
more strongly related to various criterion-related indices than explicit attitude
measures, including: quality of cross-cultural interactions (such as perceived
pleasantness and amount of eye contact), likelihood of engaging in unambiguously
harmful behaviours (such as racial slurs, threats and physical harm to out-group
members), economic discrimination (such as lack of interview opportunities and
funding cuts), recommendations for the provision of medical treatment, and
amygdala activation. Results such as these imply that implicit attitude measures
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deliver a more sensitive assessment tool for racial prejudice than explicit attitude
measures. Given the implications of harbouring negative implicit racial biases can be
extensive for out-group members, uncovering racial biases appears an important
application for implicit attitude measures such as the APT and IAT.

Applications of implicit attitude techniques extend far beyond the realm of interracial interactions (see summaries in the meta-analyses of Greenwald et al., 2009;
Hofmann et al., 2005). The following sections will present examples of two
clinically-relevant research domains that are also well-suited to implicit attitudinal
investigation, that of substance use and body image. The assessment of substance use
has proven to be problematic using explicit techniques, predominantly due to
underreporting of substance use behaviour. Whether underreporting is a function of
limited insight/memory (due to effects of extensive substance use) or a hope to avoid
disapproval/punishment from others, inaccurate reporting can have significant
impacts for research, clinical assessment and treatment planning. Because implicit
attitude techniques have proven difficult to purposefully manipulate or fake, they
pose an advantage over traditional explicit questionnaire measures for substance use
assessment. In the assessment of body image concerns, self-presentation distortions
can impact the veracity of explicitly collected information, which is particularly
problematic when examining the cognitions of clinical populations. Often there is
substantial secrecy associated with eating disorders that may make the extraction of
accurate information via explicit techniques very challenging. Implicit attitude tasks
provide a unique way to circumvent these issues by removing the need for patients to
consciously endorse their responses. Implicit attitude measures may thus enable new
insights into the cognitions motivating these disordered behaviour patterns.
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Implicit Attitudinal Findings relating to Substance Use
It is a well-known issue that substance users commonly under-report the quantities
and frequency of their substance use (Boniface & Shelton, 2013; Brown, Kranzler, &
Del Boca, 1992; Murray & Perry, 1987). This misreporting reduces the veracity of
traditional explicit approaches to drug survey research. Despite being legal in
Australia, use of drugs such as alcohol (generally consumed in liquid form) and
nicotine (typically consumed by inhalation of cigarette smoke) have been associated
with significant stigma or disapproval from others (Room, 2005; Sherman et al.,
2003). This stigma reduces the likelihood that respondents will openly admit to the
full extent of their substance use behaviours, either because of evaluation
apprehension, a lack of insight or even self-acceptance regarding their drug
consumption (Sherman et al., 2003). Significant motivating factors might also
influence an individual to misrepresent their substance use, such as understating
usage on first entry to a rehabilitation centre in the hope of a less restrictive treatment
program, or over-reporting substance use to increase chances of diversion to drug
and alcohol treatment programs rather than criminal sentencing. Inaccurate reporting
of substance use behaviour can potentially result in individuals not receiving
adequate support or treatment opportunities. Implicit attitudinal techniques are
argued to avoid the issue of inaccurate reporting and have proved difficult to
manipulate or fake (Asendorf, Banse, & Mücke, 2002; Steffens, 2004) making them
well suited to substance use assessment. The present section will examine APT and
IAT research related to legal drug use, illustrating the potential for indirect
measurement techniques in this applied arena.
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Findings from the Affective Priming Task
Ralston and Palfai (2012) provided a clinical application of the APT by adapting the
task to examine the cognitive effects of alcohol consumption for students rated high
in negative affect4. Depressive symptoms were a known contributing factor for
alcohol consumption but unconscious or implicit motivations had not yet been tested.
The Alcohol APT Ralston and Palfai (2012) devised used exemplar alcoholic
beverages and soda drinks as the prime words, with standard positive and negative
target words. Elevated depressive symptoms were found to be associated with
stronger positive implicit alcohol evaluations, but only amongst students with higher
coping motives (Ralston & Palfai, 2012). In other words, for students who viewed
drinking alcohol as a useful coping strategy, the more depressed their affect, the
more positive were their implicit attitudes towards alcohol. This unconscious
motivating factor for alcohol consumption may have been more difficult to ascertain
using explicit attitude measures due to potential lack of insight by the college
students regarding their drinking behaviour. For instance, students may be more
likely to think “I drink because that is what we do” rather than “I drink because when
I am feeling low in mood I think that drinking may make me feel better able to cope
with the world”. The APT thus proved a useful tool for elucidating under what
condition the link between low mood and alcohol consumption would be stronges.
This illustrates the priming task’s utility for informing about the underlying
processes that influence engagement in substance use behaviour.

The APT has also been applied to examine contextual and motivational factors that
influence attitudes towards smoking. Sherman et al. (2003) developed two APTs, one

4

As measured by a questionnaire that paralleled the DSM-IV criteria for depression.
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containing cigarette-related pictures including packaging, the other depicting
cigarette-related pictures that highlighted more sensory (non-packaging-related)
aspects of smoking, such as a cigarette burning in an ashtray. Using these measures,
the smokers revealed positive implicit attitudes towards the sensory stimuli and
negative attitudes towards the packaging stimuli. The discrepant findings were
reported as showing the priming task’s sensitivity to context and motivational factors
associated with smoking attitudes, that social and sensory aspects of cigarettes are a
stronger motivating factor rather than brand loyalty (Sherman et al., 2003). This
distinction would likely have been difficult to ascertain using explicit attitude
measures as smokers will often explicitly endorse or justify most things associated
with their substance use behaviour (Swanson et al., 2001). Interestingly, the
discrepancy between sensory and packaging stimuli was not evident in the two IATs
also used in that study, which is surprising given both tasks ostensibly assess implicit
attitudes towards the same constructs. Furthermore, the sensory APT was the only
one of the four implicit attitude measures to correlate significantly with the explicitly
reported frequency of smoking behaviour. Based on these findings the APT appeared
to demonstrate better predictive validity than the IAT for smoking behaviour (see
also Leventhal et al., 2008). The aforementioned research thus revealed the APT as a
potentially useful technique for the assessment of substance use-related cognitions.

Findings from Implicit Association Tests
Implicit cognitions relating to substance use have also been examined using the IAT.
Wiers et al. (2002) investigated attitudes towards alcohol (versus soda) using an
Alcohol/Arousal IAT that differed from a traditional IAT by requiring categorisation
of words associated with Arousal (e.g. “excited”) and Sedation (e.g. “listless”) as
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opposed to the standard Positive and Negative target words. Heavy drinkers revealed
faster performance on the Alcohol+Arousal (Soda+Sedation) pairings than when
these categories were transposed – an effect not observed for the light drinkers.
However, this distinction between light and heavy drinkers vanished when the
traditional evaluative categories of Positive versus Negative stimuli replaced the
Arousal versus Sedation target words. Using the Positive/Negative Alcohol IAT all
the participants demonstrated relatively negative implicit evaluations towards
alcoholic beverages (Wiers et al., 2002). These results indicate that heavy drinkers
automatically expect arousal effects from alcohol whereas light drinkers do not,
however most people implicitly view alcohol in a negative light (Wiers et al., 2002).
Again, these findings would have been difficult to gather using explicit attitude
measures due to the likelihood that alcohol consumption would have likely been
justified with a positive framework. Furthermore, the implicit association between
alcohol and arousal was significantly related to reported drinking behaviour one
month later (Wiers et al., 2002), which provides evidence of the relationship between
IAT scores and observable behavioural outcomes.

A link between problem drinking behaviour and IAT effect scores was further
elaborated by Palfai and Ostafin (2003). They used an Approach/Avoid alcoholrelated IAT that differed from the traditional IAT by replacing Positive versus
Negative trait stimuli with Approach (e.g. “advance”, “forward”) versus Avoid (e.g.
“withdraw”, “escape”) stimuli. Higher IAT Approach scores were associated with
more frequent heavy drinking episodes during the past month and higher amounts of
alcohol consumed at each occasion. Higher IAT Approach scores were also linked to
a number of explicitly assessed appetitive responses to alcohol, including stronger
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urges to drink, more positive expected outcomes and greater affective arousal
responses (Palfai & Ostafin, 2003; see also Jajodia & Earleywine, 2003). It was
concluded their Approach/Avoidance Alcohol IAT tapped implicit associations
important for determining responses to alcohol cues (Palfai & Ostafin, 2003; see also
Thush et al., 2008). The development of implicit indices of alcohol use motivation
may be of value for applied treatment settings. Many individuals in treatment
programs are under strong pressure to not consume alcohol and thus may not report
urges or cues that indicate they are at high risk of substance consumption. The
application of such a measure would mitigate this issue and could have potential
utility for other substance use behaviour as well.

Sherman et al. (2003) applied the IAT to examine the addictive practice of cigarette
smoking. Significant differences between the IAT effect scores of smokers and nonsmokers were found, with smokers on average significantly less negative towards
smoking. Although this finding appears positive for the application of IATs to the
identification of substance users, it is in direct contrast with previous results from
Swanson et al. (2001), whose smokers and non-smokers exhibited similarly negative
implicit smoking attitudes. It is not immediately evident why there are such great
inconsistencies between two ostensibly similar studies and further research is
encouraged to clarify this. In Swanson et al.’s (2001) series of experiments, smokers
were shown to strongly identify with a behaviour they didn’t like (using a self-other
IAT), even though they had high self-esteem (measured implicitly and explicitly)
(Swanson et al., 2001). They characterised this pattern of implicit inconsistency for
smokers as “I am good, and I identify with smoking, but smoking is bad”. The
smokers’ explicit cognitions, however, were more in line with “I am good and I
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identify with smoking, and smoking is not so bad” (Swanson et al., 2001). These
results indicate the presence of cognitive consistency principles at play in the explicit
attitudes (see Festinger, 1957), which affirms dual-process theories such as the APE
model (Gawronski & Bodenhausen, 2006; See Chapter One).

Summary of Implicit Attitudinal Findings for Substance Use
Implicit attitude measures have provided valuable information regarding motivations
and cognitive effects of two legal forms of substance use. Implicit techniques have
revealed unique variance in prospective alcohol use after controlling for explicit
alcohol-related cognitions and background variables (Thush et al., 2008). Implicit
techniques for examining attitudes can be advantageous in the field of substance use
because they avoid the potential concerns of inaccurate reporting due to lack of
insight/memory, potentially contributed to by substance abuse, as well as deliberate
misreporting, which may be due to motivational influences such as not wanting to
acknowledge the extent of substance use, hoping for an easier treatment program or
wanting to gain diversionary treatment in preference to facing gaol time. For these
and many other reasons, implicit measurement devices may prove useful for the
assessment of substance use.

In the present section, implicit attitude techniques revealed several motivational and
cognitive factors associated with alcohol consumption. Alcohol use was shown to be
higher for those who associated Alcohol with arousal or positive outcomes. Future
drinking behaviour was found to be significantly related to implicit attitude scores,
particularly for those who perceived Alcohol use as a good coping strategy or who
have depressive tendencies. Implicit attitude measures were able to differentiate
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smokers from non-smokers, as well as smokers that have and have not been deprived
of nicotine prior to testing. Substantial cognitive inconsistencies were unveiled by
the APT and the IAT for people engaging in substance use practices. For instance,
smokers demonstrated implicit dislike for cigarette packaging but like for sensory
aspects of smoking, or identified strongly (using implicit techniques) with a habit
they didn’t like despite possessing good self-esteem. These implicitly assessed
cognitive inconsistencies reveal complex motivational influences driving substance
use behaviour that can be separately examined using implicit attitude measures. It is
unclear as to whether the APT or the IAT are the more appropriate measure for this,
as very few studies have compared these two implicit techniques in this research
field. The study by Swanson et al. (2001) found the APT was more highly correlated
with explicitly assessed smoking behaviour than the IAT, which may potentially
reveal greater predictive utility for the APT in this instance. However, there is not
clear evidence to support this assertion. In general, implicit attitude measures were
revealed to show several advantages over explicit attitude measures in the assessment
of substance-related associations.

Implicit Attitudinal Findings in relation to Body Image
Implicit attitude techniques are lastly shown to be advantageous for the assessment
of body-related attitudes. The benefit of this approach to assessment is it reduces the
need for participants to reveal personal insecurities, which can ease the process of
gathering important information such as cognitions that motivate eating disordered
behaviours. Implicit body image refers to automatic self-evaluations specifically
related to body size. Negative implicit body evaluations are often strongly associated
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with negative implicit self-esteem, which is in turn shown to strongly impact mental
and physical health (Blechert, Ansorge, Beckmann, & Tuschen-Caffier, 2011;
Spalding & Hardin, 1999; Trzesniewski et al., 2006). Implicit body image
associations can thus have critical clinical implications for affect and eating
behaviours, as evident in patients with eating disorders (Blechert et al., 2011;
Vartanian, Herman, & Polivy, 2005). Traditional explicit assessment of body image
can be problematic due to the potential reluctance of people to reveal personal
insecurities (Vandromme, Hermans, & Spruyt, 2011). Concepts such as
perfectionism and external validation are often associated with body image concerns,
and as such the desire to be seen in a positive light can also result in greater use of
self-presentation strategies (Greenwald & Banaji, 1995; Krause, Back, Egloff, &
Schmukle, 2012). Such issues pose greatest challenge for the assessment of eating
disorders given the nature of secrecy that often accompanies such mental illnesses.
Implicit attitude measures avoid these insecurities and challenges by limiting the
participant’s awareness of the target of measurement. This reduced awareness
removes the need for participants to be insightful about their cognitions and limits
the likelihood that they will dwell on their self-evaluations. As such, there appears
great potential for implicit measurement techniques to be applied to the assessment
of body image concerns. The current section present findings related to body image
from the APT and IAT research literature.

Findings from the Affective Priming Task
The Affective Priming Task (APT) was first adapted to examine attitudes towards
body size by Bessenoff and Sherman (2000). A standard body image APT presents
prime stimuli exemplars for the trait categories Thin and Fat. Typically these
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categories are depicted using pictures of obese and underweight women, as was the
case for Bessenoff and Sherman (2000). These prime stimuli are assumed to facilitate
or hinder categorisation of the Positive (e.g. “good”, “confident”) and Negative (e.g.
“bad”, “ashamed”) target words. As with all priming tasks, a single prime word is
presented briefly prior to each target word, which is subsequently categorised. The
classic finding is that participants respond much faster when Fat primes precede
Negative as opposed to Positive target stimuli, revealing an implicit prejudice against
obese women (Bessenoff & Sherman, 2000).

Implicit prejudice assessed using the APT has been found to influence spontaneous
behaviours. Bessenoff and Sherman (2000) convinced their participants that they
would be completing a partner task with another student (who happened to be obese).
Although the obese student was presently out of the room, a chair with a coat and
backpack was situated in the otherwise sparse area. Participants were required to get
another chair and go sit in the room to wait for their partner. It was found that
participants who had shown greater anti-Fat prejudice on the APT placed their chair
further away from the chair they thought the obese confederate was going to sit in
than those who did not display the implicit pro-Thin/anti-Fat bias (Bessenoff &
Sherman, 2000). These results reveal that implicit biases, as measured by the APT,
can influence spontaneous reactions to others (see also self-esteem APT research by
Krause et al., 2012; Spalding & Hardin, 1999; Vandromme et al., 2011). The
implication that people can be unknowingly (and literally) distancing themselves
from people they view negatively can also have substantial impacts for the target of
the discrimination, such as negatively affecting the obese individual’s self-esteem
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(Bosson, Swann, & Pennebaker, 2000). Overall, the aforementioned findings reveal
the utility of APTs in the uncovering of sensitive attitudes such as body size.

Cognitions regarding body size are particularly important in the identification and
assessment of eating disorders, such as Anorexia Nervosa and Bulimia Nervosa. The
APT has previously been shown to differentiate persons with eating disorders from
healthy controls. In one example, Blechert et al. (2011) elicited weight concerns
using Positive and Negative prime sentences such as “when I lose weight, I feel…”
(Positive) or “when I gain weight, I feel…” (Negative). They created two APTs, one
with Interpersonal-related target words (e.g. “popular”, “rejected”) the other with
Performance-based target words (e.g. “capable”, “weak”). The results of these APTs
found that the eating disordered clients responded significantly faster when the
Positive weight-related primes preceded positive Interpersonal and Performancebased target words than was found to be the case for the healthy controls (Blechert et
al., 2011). These results indicated a connection between shape/weight concerns and
non-appearance-related self-esteem domains such as interpersonal relationships and
achievement/performance, revealing the more generalised types of self-esteem
impacted by eating disorders (Blechert et al., 2011). Given clients with eating
disorders often have poor insight regarding their cognitions and behaviours, this
valuable insight into the self-esteem of eating disordered patients would prove very
difficult to ascertain using traditional explicit attitude measures.
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Findings from Implicit Association Tests
The Implicit Association Test (IAT; Greenwald et al., 1998) has also been adapted to
assess pro-Thin/anti-Fat attitudes in eating disorder patients. The standard body size
IAT involves the trait categories of Thin and Fat, as well as affective Positive and
Negative stimuli. The typical finding is that participants will respond significantly
faster to the congruent combinations (Thin+Positive, Fat+Negative) than the
incongruent combinations (Thin+Negative, Fat+Positive), revealing implicit
preference for the “thin ideal” and anti-Fat prejudice (Fadda, Fronza, Galimberti, &
Bellodi, 2011). In one study, this IAT effect was revealed for the healthy controls as
well as the eating disordered patients (including those with Anorexia Nervosa,
Bulimia Nervosa and Binge Eating Disorder) (Fadda et al., 2011). In fact, there were
no significant differences between the magnitudes of implicit pro-Thin/anti-Fat
attitude uncovered for the participants, indicating a generalised preference for Thin
over Fat (Fadda et al., 2011; Vartanian et al., 2005). Such implicit bias has been
shown to differ from the explicitly reported attitudes of healthy controls (Vartanian
et al., 2005), which may reflect the greater sensitivity of the indirect measurement
technique over traditional questionnaire approaches for the assessment of bodyrelated constructs.

Implicit pro-Thin/anti-Fat bias has been shown to be internalised from a very young
age. Using their Pictorial IAT (PIAT), Thomas et al. (2007) found that children as
young as three years of age demonstrated the ‘thin is good, fat is bad’ ideology
previously identified in adult populations. Given the link between implicitly held
attitudes and consequent behaviours, these findings have important implications for
social development across the early years. Thomas et al.’s (2007) research was the
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first to reveal implicit attitudes in pre-school children to social and non-social stimuli
and was thus an important advancement for implicit attitudinal research. Explicit
attitude assessments for children had previously been severely limited by
acquiescence effects (whereby children provide the answer they think is wanted),
limited verbal capacity and lack of cognitive insight, all resulting in reduced veracity
of the attitudes obtained (Spence, 2005). Implicit attitude measures, such as the IAT,
have proven advantageous in this respect by avoiding these potential issues (Thomas
et al., 2007). The aforementioned findings demonstrate the utility of implicit
measurement techniques for the assessment of cognitions relating to body size.

Summary of Implicit Attitudinal Findings for Body Image
The reviewed findings have shown that implicit attitude measures can provide
insights into the contentious issue of body image that may have otherwise been
difficult to ascertain using explicit attitude measures because of issues of
acquiescence, lack of insight, or self-presentational concerns. By avoiding these
potential confounds, the implicit attitude measures revealed more sensitivity towards
elucidating prejudiced biases than obtained using explicit attitude techniques.
Implicit attitude measures were found to predict spontaneous non-verbal behaviours,
such as physical proximity to a stigmatised individual and to provide valuable
insights into cognitions underlying the challenging field of eating disturbances.
These results demonstrate that implicit attitude measures can provide a valuable
addition to traditional explicit approaches for body-size related evaluations.
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Summary of Implicit Attitudinal Findings across Research Domains
The current chapter has presented substantial evidence for the utility of implicit
attitude measures across the domains of racial prejudice, substance use and body
image, all of which had previously proved challenging to accurately examine using
self-report measures. The assembled research has illustrated evidence of predictive
utility for both the APT and IAT across research topics. For instance, implicit
attitude measures of racial prejudice have shown significant relationship to the
quality of cross-cultural interactions and prevalence of discriminatory behaviour.
Furthermore, APTs and IATs both predicted frequency and intensity of alcohol
consumption, and implicit anti-Fat prejudice predicted social distancing from obese
persons. The aforementioned studies thereby revealed greater predictive validity of
implicit over explicit attitude measures for the outlined contentious research
constructs. Together these findings provide strong evidence for the use of implicit
attitude measures in the assessment of socially sensitive attitudes.

Yet implicit assessment techniques have not just been used to gain contentious
information, they have also been used to provide individualised feedback regarding
implicit attitudinal prejudices (see Green et al., 2007; Greenwald et al., 2009; Nosek
et al., 2007). Providing individual feedback like this has been argued to increase
awareness of personal unconscious biases and motivate people to apply the cognitive
effort required to change such cognitions (Nosek et al., 2006). For instance, in one
study examining implicit racial prejudice in physicians, following receipt of personal
feedback the doctors reported higher levels of awareness regarding the influence of
implicit racial prejudice, with many noting they would increase efforts to counteract
this prejudice in the future (Green et al., 2007). The provision of individual feedback
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is standard procedure for some research groups5. After completion of an IAT,
participants are typically informed that their “data suggests a slight/moderate/strong
automatic preference for X compared to Y”. This feedback has been argued to
provide a positive step towards reducing negative implicit attitudes by raising
awareness of automatic biases (Green et al., 2007; Rudman & Ashmore, 2007).
Some have gone so far as to suggest the IAT be used as a screening tool during job
interviews to reduce the potential for racial discrimination within the workplace
(Ayers, 2001, pp. 424-425). The IAT could also conceivably be applied for use as a
diagnostic tool with potential substance abusers. However, before implicit attitude
measures can be implemented as useful measures of individual differences (and
important decisions are made based on the results) it is first crucial that these tasks
prove to be relatively stable measures of the construct of interest.

Concerns for the Use of Implicit Attitude Measures: Instability of Implicit
Attitude Scores
The present chapter has highlighted the potential advantage implicit attitude
measures provide over explicit attitude measure for the domains of racial prejudice,
substance use and body image. Much support for the APT and IAT was
demonstrated, with many of the findings occurring in the expected direction and
relating to expected behavioural outcomes. However, this was not always the case. In
some instances, implicit attitudinal research was reported that indicated divergent
results for ostensibly very similar studies. Such inconsistencies raise concerns for the
stability of implicit attitude techniques. For example, McConnell and Leibold (2001)
5

For instance, the Project Implicit website (https://implicit.harvard.edu/implicit/; Greenwald et al.,
2011) that enables free web-based participation in many IATs across a range of topics.
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reported a moderately strong relationship between a Black/White IAT and an explicit
race-related questionnaire, whereas the thorough examination by Karpinski and
Hilton (2001) found almost nil correlation between similar tasks. Furthermore,
Sherman et al. (2003) reported significant differences between the IAT effect scores
of smokers and non-smokers on their smoking-related IAT, whereas Swanson et al.
(2001) found no differences for the two participant groups, again using similar tasks.
Sherman et al. (2003) also reported a significant difference between results for the
sensory and packaging APTs but no difference between the sensory and packaging
IATs. Likewise, Jajodia and Earleywine (2003) found their Positive Alcohol IAT
correlated significantly with an explicit drinking questionnaire, whereas the Negative
Alcohol IAT did not. Such inconsistencies may potentially reflect underlying
differences in attitudes (and are almost always interpreted as such), but may also be
indicative of instabilities in the actual implicit measurement techniques.

A growing body of evidence has revealed changes in stimuli, experimenters and
previously observed material can all significantly influence implicit attitude scores.
It is likely such changes are less an indication of attitude change but rather a lack of
internal consistency within the measures. In this situation consistency refers to the
reliability of the tasks, with high instability potentially an indicator of ‘noise’ or error
in the data, which reduces the robustness of such measurement techniques. The
present section describes some notable studies that illustrate the susceptibility of
implicit attitude scores to influence by many confounding factors. Confounding
influences can increase the inconsistency of implicit attitudinal data thereby reducing
the overall robustness of implicit attitude assessment.
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Evidence of the Malleability of IAT Effect Scores
Stimuli Exemplars
Dasgupta and Greenwald (2001) were one of the first to demonstrate the IAT effect
score could be easily manipulated. They found that by altering the standard
Black/White IAT to present famous African Americans and infamous European
Americans instead, the IAT effect was reduced by more than half. This indicates that
changes in the IAT stimuli can substantially impact the resulting IAT effect (see also
Steffens, Kirschbaum, & Glados, 2008). It could be argued that by altering the task
in that way race evaluations were confounded with familiarity, potentially producing
a Famous/Infamous IAT rather than a Black/White IAT. Nevertheless, even subtle
changes in stimuli have been shown to impact implicit attitude scores. Such influence
has also been evident in APT research. For Sherman et al.’s (2003) research, the
inclusion or not of packaging information in the smoking-related pictures determined
whether a negative or a positive implicit attitude towards smoking was produced.
These results indicate the significant influence of the exemplar stimuli in the creation
of implicit attitude scores. Yet this susceptibility to influence is not constrained to
stimuli selection as contextual cues in the environment can also result in “attitude”
change as measured by the IAT effect score.

Context Effects
Lowery, Hardin and Sinclair (2001) found that the mere presence of a Black (as
opposed to a White) experimenter drastically reduced the Black/White IAT effect
scores for Western participants; a finding also replicated using a subliminal priming
task (Lowery et al., 2001). These results indicate that stimuli and the environment
can substantially affect implicit attitude scores. Context effects may also occur due to
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previously observed items or information. Park and colleagues (2007) clearly
illustrated such context effects by requiring participants to read one page of text
(either a newspaper article about the New York terrorist attack dated 12th September
2001, a health report on drinking water, or an essay on multiculturalism) before then
completing an Arab/Other IAT. The IAT effects produced for the negative
(newspaper article) condition were significantly greater than those in the neutral
(health report) condition, suggesting exposure to negative information regarding a
terrorist attack strengthened the association between Arabs and negative attributes
(Park et al., 2007). Additionally, the positive (multiculturalism) condition resulted in
substantially reduced IAT effects compared to those in the negative and neutral
conditions (Park et al., 2007). This implies researchers potentially possess the power
to manipulate the IAT effect using environmental cues or the type of stimuli chosen.

Interpretation of Category Exemplars
Han et al. (2009) demonstrated that IAT target categories can also be open to
multiple interpretations based on previously observed items. Han et al.’s participants
completed a questionnaire that either asked how much “people” or how much “I”
like/don’t like various non-race related attitude objects, before completing a standard
Race IAT with Pleasant/Unpleasant category labels. As expected, the IAT effect
scores revealed much lower levels of racial prejudice for the participants who had
completed the “I like/dislike” questionnaire compared to the “people like/dislike”
questionnaire. These results imply that attitude estimates provided by the IAT are
subject to manipulation based on previous contexts (a well-recognised occurrence
given this is the basic assumption underlying the priming task). In their second and
third studies, Han et al. (2009) illustrated situations where the IAT effect score had
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changed (ostensibly showing a shift in implicit attitude) despite a high likelihood that
no attitude change had occurred, as well as situations where the implementation of
the IAT could obscure the detection of attitude change when change may in fact have
taken place (Han et al., 2009).

Concerns for the Stability of Implicit Attitude Scores
The instability evident in the aforementioned IAT results raise some serious concerns
for the ability of implicit attitude measures to accurately and reliably assess implicit
attitudes. Previous research has echoed such concerns. For instance, Karpinski and
Hilton (2001) queried whether implicit attitude measures, such as the IAT, assess
implicit attitudes at all and Tetlock et al. (2009, p. 30) concluded there was “no
scientific support” for the strong implicit-prejudice argument. Whilst there is clearly
substantial evidence for the potential usefulness of implicit attitude measures, as
outlined in the current chapter (see also Greenwald et al., 2009; Jost et al., 2009),
these concerns regarding the validity and robustness of implicit attitude findings
should not be dismissed.

One potential explanation for the inconsistencies and instabilities presented in the
aforementioned findings is that the implicit attitude measures are highly influenced
by error variance, which is limiting the reliability and validity of these techniques.
The notion of error variance refers to any variability in scores that is not attributable
to the trait attitude construct of interest. In the above discussion of factors that can
influence IAT effect scores, which included interpretation of stimuli and task
requirements, the testing context and previous experiences (priming effects), such
factors all relate to potential sources of non-trait related variability or error variance.
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Such error variance can add ‘noise’ to the data, resulting in greater inconsistency,
reduced stability and less validity for measurement instruments. Previous research
has documented high vulnerability to error variance for reaction-time-based
procedures (Gawronski, LeBel, Banse, & Peters, 2009), which are the
methodological format of most typical implicit attitude measures. Given this, it is
hypothesised that the APT and IAT are susceptible to large amounts of error
variance, which likely have been contributing to the inconsistencies and instability
evident in implicit attitudinal research. This hypothesis will be critically examined in
the coming chapters. Chapter Three explores possible sources of error variance for
the APT and IAT within the context of classical test theory. It is argued that failure to
adequately account for error variance in past implicit attitudinal research has
contributed to the poor psychometric evidence available for the APT and IAT.
Systematic analysis of error variance in implicit attitudinal data is proposed.

Chapter Summary and Conclusion
Implicit attitude measures have been shown to provide many advantages over
traditionally-used explicit attitude measures for contentious research topics such as
racial prejudice, substance abuse and body image. Yet despite the wide use of
implicit attitude measures and their intuitive appeal for evaluating attitudes across
various research domains, evidence of inconsistency and instability of implicit
attitude results have led to substantial concerns regarding the robustness and validity
of these techniques. The previous section revealed that implicit attitudes can be
influenced by extraneous factors, such as the type of stimuli used, the specific task
requirements, the testing context, and relevant previous experiences (Han et al.,
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2009; Karpinski & Hilton, 2001; Lowery et al., 2001; Olson & Fazio, 2004). It has
been suggested that such influencing factors are examples of non-trait related
variance that could be negatively impacting the stability and validity of implicit
attitude measures. High amounts of error variance drastically reduce the utility of
implicit attitude measures for applied research, such as the provision of personalised
implicit prejudice feedback. A systematic investigation of the sources and amount of
error variance in implicit attitudinal scores is required.
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CHAPTER THREE
A Critical Examination of the Potential for Error Variance in
Implicit Attitudinal Measurement
Introduction
In Chapter Two it was demonstrated that empirical inconsistencies exist between
results obtained using seemingly similar implicit techniques. This was well
exemplified by findings such as that of Sherman et al. (2003) who showed that
smokers could be differentiated from non-smokers using a smoking-related IAT; a
finding in direct contrast to Swanson et al. (2001) who found no difference between
such participant groups. Chapter Two also demonstrated that implicit attitude scores
can be significantly affected by extraneous factors such as interpretation of the
stimuli, the task requirements, the testing context as well as previous experiences
(e.g. Han et al., 2009). Other characteristics, such as a participant’s attentional
capacity, general processing speed and task-switching ability have also been shown
to influence implicit attitudinal scores (Back, Schmukle, & Egloff, 2005; Fiedler,
Messner, & Bluemke, 2006; Mierke & Klauer, 2003). Together these factors have
the potential to introduce a substantial error component to implicit attitude data,
resulting in greater inconsistency and reduced validity for these measures.

The current chapter explores the issue of ‘error variance’ and how it may occur in the
course of implicit attitudinal assessment. The term error variance is used here to
cover all variances that cannot be attributed to the construct of interest; in the case of
this thesis, implicit attitude. Using variations on classical test theory, error variance,
as defined here, is shown to include both random error and systematic error
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components. When left unaccounted for, these error types can greatly influence the
observed research findings. Random error variance indiscriminately influences the
scores, confounding validity estimation and increasing inconsistencies amongst the
findings. The presence of random error might have contributed to the inconsistencies
evident in past research. Systematic error variance differentially impacts upon
aspects of the scores resulting in biased or misleading findings. These systematic
influences are often associated with, and difficult to differentiate from, the method of
measurement and may also have contributed to between study variability.

Previous psychometric evaluations of implicit attitude measures have typically failed
to adequately address non-random distribution of error variance, and often revealed
poor construct validity and highly inconsistent reliability estimates for implicit tasks.
This review chapter will discuss these findings, and propose that such limited
psychometric evidence for implicit measures are partly due to the presence of
unaccounted for high error variance in the scores. It is argued traditional statistical
approaches have been inadequate in addressing this issue of error variance for
implicit techniques, due to (1) the assumption of random error distribution that is
unlikely to hold for implicit attitude measures, and (2) the failure to control for
systematic error, in particular error due to method effects. Methodologies that are
capable of modelling and/or controlling for such error during analysis would be more
desirable, to systematically assess the impact of error variance in implicit attitudinal
data and to facilitate a more comprehensive evaluation of the construct validity of
implicit attitude measures. Structural Equation Modelling (SEM) analytic approaches
enable this by accounting for random error and method effects. SEM analytical
techniques thus have potential to deliver a more stringent psychometric evaluation of
implicit measures and a clearer view of what implicit attitude tasks actually assess.
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Error Variance in Implicit Attitudinal Research
Implicit attitude assessment involves two distinct levels of measurement, a
conceptual level and an observed level. At the conceptual level, implicit attitude
tasks are believed to measure the discrepancy between two implicit evaluations about
a construct of interest, ostensibly revealing implicit bias or prejudice towards an
attitude construct like race. At the observed level, implicit attitude scores are devised
by calculating the difference between two behavioural responses, such as the average
reaction times for congruent and incongruent block trials for the IAT, as outlined in
Chapter One (Blanton, Jaccard, Gonzales, & Christie, 2006). The observed
behavioural responses (reaction times) are thus used to infer the magnitude of the
abstract construct of implicit attitudes. However, it is highly improbable, or indeed
impossible, that implicit attitude measures perfectly capture the abstract attitude
constructs they aim to assess (Nunkoo & Ramkissoon, 2011). This is because the
abstract nature of attitudes increases the difficulty in which they are able to be
measured, leading to differences between the observed scores and the ‘true’ value of
the conceptual construct (Cote & Buckley, 1987; Spector, 2006). This discrepancy
relates to measurement error, which is introduced in this section within the
theoretical framework of classical test theory (Spearman, 1904). Evidence for
substantial error variance in implicit attitudinal data is then presented. There are
numerous design aspects of implicit attitude measures, such as the APT and IAT,
which likely contribute to error variance in implicit attitudinal measurement. The
implications of this for the consistency and accuracy of implicit attitude assessment
are discussed.
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Classical Test Theory
Classical test theory, often attributed to Spearman (1904), states that any observed
score (such as the IAT effect score) is comprised of two main components; the ‘true’,
or trait component (i.e. implicit attitude construct) and an error component (that
accounts for the imperfection of the measurement). This classical test theory
framework has formed the basis of measurement theory for over one hundred years
and rests on the basic classical test theory model, shown in Equation 3.1 (Eid,
Lischetzke, Trierweiler, & Nussbeck, 2003).

𝑦𝑖𝑗𝑘 = 𝑡𝑖𝑗𝑘 + 𝑒𝑖𝑗𝑘
where yijk
tijk
eijk
i
j
k

(3.1)

is the observed score
is the true or trait score
is a residual component (error)
is the indicator
is the trait
is the method

In recent conceptualisations of classical test theory, error variance has been
recognised as comprised of both random and systematic components (Podsakoff,
MacKenzie, Lee, & Podsakoff, 2003). This has resulted in an extension of the basic
classical test theory model, such that an observed score is comprised of trait,
systematic error (or method variance) and random error variance, as shown in
Equation 3.2 (also Marsh & Grayson, 1995).
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𝑦𝑖𝑗𝑘 = 𝑡𝑖𝑗 + 𝑚𝑖𝑘 + 𝑒𝑖𝑗𝑘

(3.2)

where yijk is the observed score
tij is the true or trait score
mik is a systematic or method component
eijk is a residual component (error)
i is the indicator
j is the trait
k is the method

Components of Observed Scores: Trait Variance, Systematic Error Variance and
Random Error Variance
In classical test theory, trait variance refers to the portion of a score which can be
directly attributed to the construct being measured (Cote & Buckley, 1988)6.
Systematic error variance refers to characteristics (often associated with the
methodology) that remain relative consistent regardless of the construct being
assessed (Coenders & Saris, 2000). Random error variance refers to random variance
that is not accounted for by the construct or methodology (Cote & Buckley, 1988).
Significant amounts of error variance can be problematic because trait variance and
error variance are inversely proportional. As such, greater error variance within an
observed score reduces the amount of trait or ‘true’ variance that can possibly be
present for the score (Cote & Buckley, 1988).

Both random and systematic types of measurement error can compromise estimates
of reliability and construct validity, but do so in different ways. Random error
variance typically adds noise to the data; resulting in greater inconsistency,
6

In other words, the term “trait” is the mean of all true-score variables that measure the same
construct (Pohl & Steyer, 2010). It is noted this meaning is distinct from the term “trait” applied in
longitudinal studies, which often denotes stable and relatively consistent person-specific effects.
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weakened observed correlations between similar constructs, and less clarity
regarding the trait construct (Coenders & Saris, 2000). Systematic error (or method)
variance can similarly weaken the observed relationships between constructs, but
more typically artificially increase the observed relationships between constructs due
to shared characteristics of the methodology (Cole & Maxwell, 2003; Podsakoff et
al., 2003). Together both types of error variance can significantly impinge upon the
consistent and accurate assessment of trait constructs by confounding validity
estimation and reducing the reliability of measurement instruments.

Summary
Error variance is generated during measurement of abstract constructs, and may be
either random or systematic in nature. Random error variance typically influences the
observed scores in an indiscriminate manner, confounding results. Systematic types
of error variance differentially impact aspects of the scores, resulting in potentially
biased or misleading outcomes. In the next section, it is argued that implicit attitude
measures are susceptible to both random and systematic forms of error variance by
examining elements of IAT procedures most likely to result in error production.

Sources of Error Variance for Implicit Attitude Assessment
During standard implicit attitudinal assessment there are numerous factors that could
introduce random and/or systematic error into the data. Such influencing factors can
bias results to an unknown degree and include: differences in ability to sustain
attention, fatigue, boredom, task-switching ability, cognitive functioning, general
processing speed, test taking strategy, and interpretation of stimuli and task
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requirements. This section will predominantly focus on sources of error variance
likely generated during an IAT. In this instance, the IAT is relatively representative
of typical implicit attitude measures. It is argued that there is strong likelihood of
random and systematic types of error variance influencing implicit attitudinal data.

Random Error in Implicit Attitude Data
Abstract constructs such as attitudes and personality are known to be more difficult
and less reliably examined than tools measuring more overt constructs, such as job
performance or cognitive functioning (Cote & Buckley, 1987; Kaplan & Saccuzzo,
2001; Spector, 2006). This difficulty in measurement tends to result in greater
amounts of random error variance or uncertainty in the measurement of such abstract
constructs. Random sources of error variance are non-trait-related forms of variance
that indiscriminately influence the whole of a set of scores. Random error variance
increases the erratic nature of the observed responses. This directly reduces the
reliability of a measure, the ability for the task to consistently measure that which it
measures (Nunnally, 1978). This is problematic, as measurement instruments can
only ever be as valid as they are reliable (Cunningham et al., 2001). Great amounts
of random error variance can also reduce the overall construct validity of reactiontime tasks, such as the APT and IAT, by increasing the non-trait-related ‘noise’ that
is assessed. This increase in ‘noise’ makes it more difficult to clearly estimate the
construct of interest, resulting in reduced construct validity (Cunningham et al.,
2001; Gawronski, 2009). Further, because greater error means less trait is assessed,
this limits the amount of convergence a task can have with other like tasks because
the amount of overlapping trait construct is reduced. As such, random error can limit
the reliability and validity of a measurement instrument. There is a high likelihood
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that implicit attitude tasks are compromised by a large amount of random error
variance, particularly given their reliance on speeded categorisation tasks.

Error from Motor Response Execution.
Natural variability in motor response execution, which is required to perform
speeded categorisation tasks, is a known source of non-trait-related inconsistency
that can produce substantial proportions of random error variance (Poitou & Pouget,
2012). One of the most consistent facets of timed motor responses is the presence of
large inter-trial variability (Miller & Katz, 2010). Such variability is believed to arise
from the stochastic nature of neuronal firing, whereby cortical neural activity can
vary quite substantially even when neuronal networks are responding to the same
stimulus (Klein-Flügge, Nobbs, Pitcher, & Bestmann, 2013). Neural variability
consequently results in variability in the motor response execution, which is evident
for all reaction-time measures (Miller & Katz, 2010). As such, the physical motor
action of executing a stimuli categorisation produces random error variance for
implicit attitude measures, due in part to natural variability of neural activity
(Donkin, Brown, Heathcote, & Wagenmakers, 2011; Poitou & Pouget, 2012).

Error from Attentional Lapses.
Rapid latency responding is thus a procedural format known to produces volatile,
unstable and variable results (Brown & Heathcote, 2008; Buchner & Wippich, 2000;
Debner & Jacoby, 1994; Lane et al., 2007). However, this volatility is further
enhanced by any extraneous variables, such as blinking during stimulus presentation,
momentary distractions, or lapses in attentional focus, all of which can substantially
alter the accuracy and speed of responses for implicit attitudinal measures (Lane et
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al., 2007). Occasional attentional lapses in reaction time tasks are especially likely to
be initiated by fatigue or boredom (Endler & Hunt, 1968; Nosek, Greenwald, &
Banaji, 2005; Poitou & Pouget, 2012). This is problematic for implicit attitudinal
measures because they involve categorisation of hundreds of stimuli in individual
trials. Consistent maintenance of attention to every stimulus is thus very difficult
(Salthouse, 2000), and with each and every attentional lapse greater discrepancy
amongst the observed reaction times occurs (Brown & Heathcote, 2008; Debner &
Jacoby, 1994). Because attentional lapses result in erratic or inconsistent responding
they can be viewed as a random source of error variance.

Summary.
Random error variance poses a considerable issue for consistent and accurate implicit
attitudinal assessment, and is likely a result of the tasks’ reliance on rapid response
latency techniques. Rapid response techniques are susceptible to erratic responding
due to natural variability in motor response execution, attentional limitations, fatigue
and boredom. Factors contributing to random error in implicit data potentially limit
the reliability and construct validity of tasks such as the APT and IAT. However,
systematic sources of error variance can pose an even greater issue as they can bias
results in a way that may lead to misleading or inaccurate findings.

Systematic Influences of Error Variance on Implicit Attitude Measures
Systematic measurement error refers to relatively consistent extraneous influences
that impact upon observed scores, regardless of the construct being assessed
(Coenders & Saris, 2000). Systematic sources of error variance can likely result in
increased or decreased observed relationships between constructs, in part because
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they can act differentially within a particular tool or measure leading to inaccuracies
in the interpretation of findings (Cole & Maxwell, 2003; Podsakoff et al., 2003). One
of the main sources of systematic influence is method variance, which is variance
attributable to the methodology (Coenders & Saris, 2000). The term method refers to
concrete aspects of the testing methodology, such as the content of specific stimuli,
the response format and the context of the testing process (Geiser & Lockhart, 2012).
Method variance can also be interpreted in a more abstract fashion that incorporates
response biases due to influences such as social desirability and acquiescence
(Podsakoff et al. 2003). All these influences have the potential to systematically
influence responses on an attitude measure, leading to misrepresentative findings.

High Amounts of Method Variance in Attitude Measures.
Attitude measures have previously been shown to be quite susceptible to method
variance, potentially leading to biased results. In one of the most comprehensive
reviews of explicit questionnaire measures (see Podsakoff et al., 2003), Cote and
Buckley (1987) reviewed 70 published data sets sourced from psychology,
sociology, marketing, business and education literatures. They found that of all the
constructs examined, explicit attitudes questionnaires possessed the greatest amount
of method variance (using the Multitrait-Multimethod approach to Confirmatory
Factor Analysis, CFA-MTMM, which is expanded upon later in this chapter).
Specifically, Cote and Buckley (1987) revealed data from the explicit attitude
questionnaires reflected about 40% method variance, 30% random error variance and
only 30% trait variance related to the attitude construct of interest. These results
imply that systematic forms of error variance, such as method effects, can
significantly influence attitude assessments.
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The findings of Cote and Buckley’s (1987) research relate to explicit attitude
measures; however it could be speculated that the abstract construct of attitudes
would also lead to high amounts of systematic error variance when examined
implicitly. Explicit and implicit attitudinal constructs have been shown to be highly
related, albeit distinct constructs (Cunningham et al., 2001; Nosek, 2007). This
relatedness may mean implicit attitudes are similarly susceptible to high amounts of
systematic influence acquired during assessment by non-perfect measurement
techniques.

Potential for Method Effects to Act as a Differentially Biasing Effect in the IAT.
Certain methodological features of the IAT make it susceptible to systematic biases
that differentially influence the congruent and incongruent trials from which the IAT
effect score is devised. Sources of systematic influence such as task-switching costs,
task presentation order, intelligence and general processing speed can artificially bias
IAT effect scores by facilitating responses on the congruent trials whilst the
incongruent trials remain consistently difficult (Back et al., 2005; Fiedler et al., 2006;
Mierke & Klauer, 2003; Schnabel et al., 2008a; Stülpnagel & Steffens, 2010). This
biasing influence results in the production of larger IAT effect scores that ostensibly
reveal greater levels of prejudice than would typically be produced, not because of
any difference in implicit attitudes, but rather due to method-based systematic
influences.
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Task-switching Ability.
The process of task-switching, which is required in an IAT when participants change
between congruent and incongruent blocks of trials, provides one example of a
systematic source of error. This process of transition demands re-learning the
congruent/incongruent associations necessary for the correct categorisation of the
stimuli. Such a cognitive shift requires significant mental exertion, cognitive
flexibility and task-switching ability (Back et al., 2005; Fiedler et al., 2006; Mierke
& Klauer, 2003). It has been argued that participants who are able to switch from one
block type to the other more easily will produce greater IAT effect scores overall
compared to those who have struggled to transition to the new task requirements
(Back et al., 2005). This is because participants with greater task-switching ability
tend to use this skill to progress quickly through the congruent trials, however the
incongruent trials remain consistently difficult (Back et al., 2005; Fiedler et al., 2006;
Mierke & Klauer, 2003). This would mean a participant with good task switching
would have faster than normal congruent categorisation but equally slow incongruent
categorisation, generating a larger discrepancy between the average latency of these
two trial types than would otherwise be expected (Back et al., 2005). Because of the
way the IAT effect score is calculated, greater discrepancy between the congruent
and incongruent trials results in a larger IAT effect score, ostensibly revealing greater
prejudice when in reality the aforementioned is merely a result of method variance.
Similar arguments can also be presented for the systematic influence of intelligence
and general processing speed, which likewise facilitate the congruent trials to a
greater extent than the incongruent trials, leading to the incorrect impression of
greater prejudice (Blanton et al., 2006; Fry & Hale, 2000; Jensen, 1993; Stülpnagel
& Steffens, 2010). Task-switching, intelligence and general processing speed are
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non-trait related and participant-specific methodological influences that can
artificially inflate IAT effect scores. But these are not the only sources of systematic
bias for implicit attitudinal measures.

Block Presentation Order.
The presentation order of congruent and incongruent blocks delivers a further source
of method effects, as the block type initially categorised can impact upon responses
for the second block type completed. This is a type of context effect, whereby if the
congruent block of trials is initially completed the incongruent block that follows
typically produces much slower reaction times than is the case when the incongruent
block is completed prior to the congruent block (Greenwald et al., 1998; Schnabel et
al., 2008a). This order effect is likely because the incongruent trials are much more
cognitively taxing than the congruent trials (Lane et al., 2007; Steffens, 2004;
Williams & Themanson, 2011). As such, when a participant moves from the more
challenging incongruent block of trials to the easier congruent trial block, their
responses are facilitated because going from the context of the incongruent trials
makes the congruent trials appear even easier. Likewise, the context of the easier
congruent trials makes moving to the incongruent trials even more challenging.
Because of this, order effects associated with the order in which the congruent and
incongruent trials were completed, a purely method-induced effect, can result in an
increased or reduced individual IAT effect score. Other sources of method variance
for IATs include whether participant’s adopt a speed-focussed or accuracy-focussed
response style (Pachella, 1974; Salthouse & Hedden, 2002; Williams, Hultsch,
Tannock, Strauss, & Hunter, 2005) and intepretation of stimuli and response
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categories (Han et al., 2009; Salthouse, 2000; Steffens et al., 2008). Such sources of
potential systematic bias are expanded upon in Chapter Six.

Summary
The prior section has outlined clear evidence for the presence of random and
systematic types of error variance in implicit attitudinal data. This confounding nontrait-related variance stems from many sources including motor response execution,
attentional capacity, task-switching ability, processing speed, block trial order, and
test taking strategy. Some of these sources of measurement error likely result in
random error variance that could negatively influence the reliability and validity of
the implicit attitude measure, but in an indiscriminate manner. Whereas systematic
sources of error variance differentially influence certain aspects of implicit
techniques (i.e. the congruent and incongruent trials of an IAT), which can
significantly bias the resultant implicit attitudes that are purportedly revealed for a
participant. Although it is currently unknown as to what extent these types of error
variance are influencing implicit attitudinal data, the aforementioned evidence
suggests the impacts could be sizeable. The next section examines previous
psychometric evidence for the APT and IAT, arguing that the poor construct validity
and reliability estimates evident are an indication of high amounts of random and
systematic error variance negatively impacting upon the data.
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Past Psychometric Evidence for Implicit Attitude Measures
Traditional correlation and regression-based analytical approaches are reliant on the
assumption that error variance is randomly distributed amongst the scores, thereby
not biasing results in one direction or another. As such, traditional analytical
techniques do not overtly account for random or systematic error variance during
analysis because error is considered inconsequential to the results. Past psychometric
evidence for implicit attitudinal measures, such as the APT and IAT, has often relied
on these analytical approaches. However, by neglecting to consider non-randomly
distributed error, past findings may have been negatively influenced to an unknown
degree by random and systematic measurement error. Were the hypothesis of
substantial random and systematic error in implicit attitude measures confirmed, it
would be expected that this would result in poor psychometric evidence for these
measures, such as inadequate reliability and construct validity. This is because
random error variance can confound estimates of construct validity and reduce the
overall reliability of measurement instruments. Systematic forms of error can bias
results by increasing or decreasing observed relationships between constructs, and as
such the impact systematic error variance would have on psychometric evaluations is
somewhat unknown (see Cole & Maxwell, 2003; Podsakoff et al., 2003). The current
section presents previous psychometric evidence for the construct validity and
reliability of the APT and IAT. It is argued that poor psychometric results provide
further support for the hypothesis of substantial error variance in implicit data.
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Construct Validity of Implicit Attitude Measures
Construct validity is the degree to which a test measures an intended hypothetical
construct (Messick, 1990). Prominent types of construct validity include convergent
and discriminant validity. Convergent validity assesses whether a measure is related
to other measures of the same construct (Campbell & Fiske, 1959). Good convergent
validity is evident when two measures of theoretically related constructs correlate
highly. Discriminant validity occurs when a measure is distinct from other measures
in expected ways (Campbell & Fiske, 1959)7. Evidence for discriminant validity
occurs when supposedly unrelated constructs reveal the expected null relationship.

Discriminant Validity Evidence between Implicit and Explicit Attitude Measures
Prior empirical research has demonstrated great divergence between findings
obtained using implicit and explicit attitude measurement techniques. Weak or highly
variable correlations between the two measurement types are often reported, with
correlations around or below r=.30 (e.g. Banse, 1999; Bosson et al., 2000;
Cunningham et al., 2001; Devine et al., 2002; Gawronski, 2002; Green et al., 2007;
Hofmann et al., 2005; Hummert et al., 2002; Karpinski & Hilton, 2001; Kawakami &
Dovidio, 2001; Perugini, 2005; Rudolph, Schröder-Abé, Schütz, Gregg, & Sedikides,
2008; Schnabel, Asendorf, & Greenwald, 2008b; Thush et al., 2008; Vartanian et al.,
2005; Wiers et al., 2002). Given the theoretical view that implicit and explicit
attitudes are conceptually distinct constructs (as presented in Chapter One; see
Cunningham, Nezlek, et al., 2004; Cunningham et al., 2001; Gawronski &
7

It is noted that validity assessments for implicit attitude techniques are very different from that of
evaluating self-report scales, because implicit measures represent procedural formats that can be
applied to assess any number of attitudinal constructs (Lane et al., 2007). As such, two versions of the
same implicit attitude measure may have little in common with each other apart from the basic task
structure. This complicates psychometric evaluation of the measures, as both general (e.g. format) and
specific (e.g. construct) issues of validity and reliability require examination. Nevertheless, it should
still be expected that similar implicit attitude measures of the same construct would converge.
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Bodenhausen, 2006; Haeffel et al., 2007; Wilson et al., 2000), such findings are to be
expected and can be interpreted as evidence of discriminant validity for these
measures (see also Gawronski, 2002; Greenwald et al., 2009; Lane et al., 2007;
Rowatt et al., 2005; Strack & Deutsch, 2004).

Implicit and explicit attitudes, however, do not always diverge. In the field of
consumer attitudes and political opinions, there are a number of instances where
relatively high correlations between implicit and explicit attitude measures have been
reported (e.g. Nosek & Hansen, 2008; Olson & Fazio, 2004). It has been argued that
this convergence is a reflection of reduced need to hide undesirable responses
(Swanson et al., 2001). As such, it is expected that stronger correlations would be
revealed for consumer attitudes, for example, because there is generally little need to
mask one’s food preferences. Yet low implicit-explicit convergence have also been
reported for non-sensitive implicit associations, such as attitudes towards apples
versus candy bars (Hofmann et al., 2005; Karpinski & Hilton, 2001; Olson & Fazio,
2004; Vandromme et al., 2011). Random error variance may have contributed to
such empirical inconsistencies by increasing the variability of the scores, reducing
the reliability of implicit attitudinal measures. The more error within the implicit
scores, the less trait construct is able to be assessed. Because of this, random error
effectively reduces the proportion of score that is comparable, for random error refers
to inter-item inconsistencies and thus is not measuring anything per se. The smaller
portion of trait variance that can be related to other estimates of trait construct (by
other measures) is thus reduced thereby limiting the overall potential for convergent
validity between tasks. The amount of random error in a measure thus provides an
upper limit for observed relationships between tasks (Cunningham et al., 2001). Such
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conflictual findings may imply that implicit attitude measures are indeed affected by
the confounding and limiting effects of random error variance.

Convergent Validity Evidence for Implicit Attitude Measures
Based on the dual-process theoretical framework of cognitive processing it is
theorised that multiple implicit attitude measures of the same construct should prove
strongly related, demonstrating convergent validity for these tasks (Fazio et al., 1986;
Gawronski & Bodenhausen, 2006; Wilson et al., 2000). However, this has
overwhelmingly not been found to be the case (Hofmann & Schmitt, 2008; Rudolph
et al., 2008; Schnabel et al., 2008a; Sherman et al., 2003). In a study by Rudolph et
al. (2008), numerous implicit attitude measures of self-esteem were examined,
including the IAT, APT and a recently developed Single-Category IAT (SC-IAT;
Steinman & Karpinski, 2008). Correlations between these implicit attitude measures
revealed minimal inter-relationships between the tasks, despite efforts to improve the
reliability of the implicit techniques (Rudolph et al., 2008). To exemplify this point,
the non-significant correlation between the self-esteem IAT and APT was r=.07
(Rudolph et al., 2008), which is indicative of basically nil relationship between the
measures (see also Jajodia & Earleywine, 2003; Krause et al., 2010; Sherman et al.,
2003; Thomas, 2008). This failure to find evidence of convergent validity amongst
different implicit measures of the same construct is “worrisome, both theoretically
and empirically… (for if these implicit attitude measures) truly assess the same
construct, then, by definition, they should overlap to a greater degree than they do”
(Bosson et al., 2000, p.640; see also Hofmann & Schmitt, 2008).
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Failure to find convergence among implicit attitude measures could be a direct result
of high amounts of random error variance providing an upper limit for inter-implicit
correlations. As discussed above, random error reduces the reliability of a measure
by increasing inconsistencies in the assessment data. This reduces the amount of
relevant attitude construct being measured, thus reducing possible inter-correlations
with other like measures. Banse (1999) has argued the lack of convergence between
implicit measures is a result of the low reliability (high error variance) of these tasks.

Reliability of Implicit Attitude Measures
Reliability refers to the dependability or consistency of measurement (Nunnally,
1978). The present section critically examines two prominent forms of reliability
evidence for the IAT and APT, evidence based on cross-sectional data (i.e. internal
consistency estimates) and evidence based on longitudinal data (i.e. test-retest
reliability). Typically, implicit attitude measures have been found to possess
considerably lower levels of reliability than explicit attitude measures (Buchner &
Wippich, 2000; Fazio & Olson, 2003; Greenwald et al., 2009; Hofmann & Schmitt,
2008; Krause et al., 2010). The hypothesis of this thesis is that this discrepancy is
caused by high amounts of random error limiting the reliability of implicit measures.

Internal Consistency
IATs have usually produced adequate internal consistency estimates, using
Cronbach’s (1951) coefficient alpha, within the range of .80 (Asendorf et al., 2002;
Bosson et al., 2000; Egloff, Schwerdtfeger, & Schmukle, 2005; Greenwald et al.,
1998; Krause et al., 2010; Rudolph et al., 2008; Schmukle & Egloff, 2004). Such
findings are acceptable for basic research, but higher estimates are encouraged for
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applied investigations (Nunnally, 1978). In contrast, internal consistency estimates
for the APT typically sit around .55 (Banse, 1999; Bosson et al., 2000; Kawakami &
Dovidio, 2001; Klauer & Musch, 2001; Krause et al., 2010; Rudolph et al., 2008;
Spruyt, Hermans, Pandelaere, De Houwer, & Eelen, 2004; Vandromme et al., 2011),
which is below satisfactory (Nunnally, 1978). Were random error variance to
comprise a substantial portion of implicit attitudinal scores, it would be expected that
internal consistency estimates would be less than adequate due to the erratic
influence of random error reducing the consistency in which the tasks measure
constructs. Given internal consistency estimates appear worse for APTs than IATs it
could be hypothesised that random error variance poses a greater issue for the APT
than the IAT. A systemic review would be required to investigate this claim.

Test-Retest Reliability
Test-retest reliability estimates tend to reveal even poorer estimates than internal
consistency coefficients for implicit attitude measures (Egloff et al., 2005). Testretest reliability coefficients for the IAT range from r=.27 to r=.69 with an average
of approximately r=.50 (Banse, 1999; Bosson et al., 2000; Cunningham et al., 2001;
Egloff et al., 2005; Greenwald & Farnham, 2000; Krause et al., 2010; Lane et al.,
2007; Nosek, 2007). This is concerning as even a correlation of .50 demonstrates an
alarming degree of inconsistency as 75% of the variability of scores over time can be
considered unrelated to the trait construct. Even greater inconsistency is revealed in
the test-retest reliabilities of the APT, with values ranging from a maximum of r=.56
(ostensibly comparable to the IAT; Kawakami & Dovidio, 2001) to r=.28 and even
r=-.06, which is evidently quite unsatisfactory (Banse, 1999; Bosson et al., 2000;
Krause et al., 2010). These findings of minimal test-retest reliability led Banse
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(1999) to assert that the stability of priming effects was marginal at best, and
Hofmann and Schmitt (2008) to note implicit attitude measures (including the IAT)
are still unable to produce psychometric properties anywhere near the magnitude
demonstrated by explicit attitude techniques. The highly inconsistent and generally
poor reliability that is evident implies that substantial random error variance is
impacting upon the implicit attitudinal data. Again, the influence of systematic error
variance remains unknown.

Summary
The presented review of psychometric evidence for implicit attitude measures has
uncovered much inconsistency, limited reliability and poor convergent validity
amongst implicit assessment techniques. Indeed the findings have led Bosson et al.
(2000) to conclude:

“the study of implicit self-esteem (for instance) may be a boondoggle8. Right
now, the psychometrics simply are not there” (Bosson et al., 2000, p. 641).

Such conclusions may be indicative that implicit attitude measures, such as the IAT
and APT, are inherently flawed and of no empirical value because they do not validly
measure trait constructs (Banse, 1999; Bosson et al., 2000; Karpinski & Hilton,
2001; Tetlock & Mitchell, 2009). This conclusion is, however, in direct contrast to
the findings of the applied research presented in Chapter Two, whereby the IAT and
APT were shown to possess reasonable predictive validity for a wide range of
behavioural outcomes, such as quality of cross-cultural interactions, intensity and
8

The term boondoggle refers to an unnecessary, wasteful or fraudulent project (Soanes & Stevenson,
2006).
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frequency of alcohol consumption, and social distancing from prejudiced individuals.
Such findings imply that implicit attitude measures may possess some functional
utility in the assessment of socially sensitive attitudes, although the poor
psychometric evidence may undermine such a conclusion.

Reconciling the divergent views that are presented based on the outcomes of
psychometric and applied research literatures appears difficult, on the surface at
least. However, the hypothesis of the present dissertation addresses this by
suggesting implicit attitude measures do examine implicit attitudes, but the
inconsistent findings, and sub-optimal reliability and validity amongst implicit
assessment techniques is directly a result of the high levels of error variance inherent
in the tasks. In the next section it is argued that it is unknown to what extent random
and systematic error variance has influenced implicit attitudinal findings because the
analytical approaches that have typically been used to examine implicit data are
inadequate. Newer analytical approaches that account for random and systematic
error variance are required to assess the potential utility of implicit attitude measures
in applied research.

Past Psychometric Inadequacies in the Analysis of Implicit Data
The history of reported psychometric inadequacies for implicit attitude measures is
arguably contributed to by past researcher’s failure to account for potentially large
portions of error variance in the data. As mentioned earlier, traditional analytical
approaches are based on the assumption of randomly distributed error variance. This
assumption is unlikely to hold for implicit attitudinal measures. Because of this, high
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quantities of unaccounted for error variance may be indiscriminately or
systematically influencing implicit attitude scores, impeding accurate estimation of
underlying attitudes (Fazio & Olson, 2003; Gawronski, 2009; Rudolph et al., 2008).
The present section argues that traditional analytical approaches are inadequate for
examining implicit attitudinal data.

Inaccurate Assumption of Random Error Distribution for Implicit Measures
Research hypotheses for implicit attitude measures have traditionally been tested
using correlational analyses or approaches based on the general linear model, such as
regression or Analysis of Variance (ANOVA). These analytic approaches assume
any error incurred in the measurement of variables is completely random
(Tabachnick & Fidell, 2001). As a result of those assumptions error variance is
assumed to be spread evenly throughout the data. In the case of the IAT, it would be
assumed that error would be influencing the congruent and incongruent trials equally
and thereby having little overall impact on the results. Because of this assumption,
these statistical techniques test the observed variables directly and do not account for
non-random distribution of error variance (Schumacker & Lomax, 2010). Yet as
outlined earlier, this assumption is highly unlikely given the very plausible scenario
that the incongruent trials are more cognitively taxing than the congruent trials
(Steffens, 2004; Williams & Themanson, 2011) resulting in differential influence
from systematic sources of error variance such as task-switching ability, intelligence,
general processing speed and task presentation (Back et al., 2005; Blanton et al.,
2006; Fiedler et al., 2006; Mierke & Klauer, 2003; Stülpnagel & Steffens, 2010).
Random error variance in reaction-time tasks is noted to be more problematic with
increased task difficulty (Brown & Heathcote, 2008), implying even random sources
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of error variance may pose a bigger issue for the incongruent that the congruent trials
in an IAT. Because of this, there is very limited likelihood of completely random
distribution of error variance for implicit attitude measures (see also Nunkoo &
Ramkissoon, 2011).

Given the likelihood of uneven error distribution, analytical techniques that assume
random distribution of error variance, such as traditionally used analytical
approaches that examine observed scores, will likely result in statistical inaccuracies
and biased results for implicit measures (Kline, 2005; Nunkoo & Ramkissoon, 2011).
To conclude, correlational/regression and ANOVA-based analytical approaches are
unable to account for non-random influences of error variance and are thus incapable
of accurately estimating the reliability and construct validity of implicit attitude
measures. Instead, a new analytical approach that is able to systematically evaluate
error variance in implicit attitudinal research is required to address these past
limitations. Structural Equation Modelling (SEM) offers one such approach.

The Structural Equation Modelling Approach to Addressing Error
Variance in Implicit Attitude Measures
Structural Equation Modelling (SEM) provides one suitable tool to facilitate an
evaluation of error variance for implicit attitude measures. SEM employs latent
variable models, with multiple measures of each construct, to mathematically
separate error variance from the trait construct of interest (Cunningham et al., 2001).
These structural relations can clarify the relationships between variables as well as
the impact of latent variables and error variance on the scores produced during
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testing (Byrne, 2005). SEM procedures such as Confirmatory Factor Analysis (CFA)
provide one avenue for partialling random error variance from the implicit attitudinal
data. Another more advanced technique, the Multitrait-Multimethod approach to
Confirmatory Factor Analysis (CFA-MTMM) can expand upon this by accounting
for both random error variance as well as method variance. These analytical
approaches will be briefly introduced below.

Confirmatory Factor Analysis
Confirmatory Factor Analysis (CFA; Jöreskog, 1969) examines the amount of
variance shared by items (or trials for an IAT/APT) in order to identify a common
factor, which in this case is the underlying implicit attitude. Although CFA is based
on classical test theory, in that it assumes observed scores are comprised partly of the
trait construct being assessed and partly of random error variance, it differs in that it
is unable to exactly measure the abstract construct of random error. As such, the
concept referred to as ‘random measurement error’ in CFA is actually unique
variance that is a combination of ‘true’ random error and reliable variance (or
‘uniqueness’) specific to the individual item (observed score) being examined
(Brown, 2006). It is not possible to disentangle random error from uniqueness,
however, parcelling the data (so that the observed score is comprised of several
scores) can be one way to minimise its influence. CFA separates random error from
the observed data, thus enabling a much more accurate and less confounded
assessment of the trait construct.

Cunningham et al. (2001) applied CFA to examine the reliability and construct
validity of the IAT. They found that after accounting for random error variance the
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IAT data produced a reasonable test-retest reliability estimate of .68. This coefficient
shows improved stability over time than traditional estimates (~.50; Lane et al.,
2007), in terms of general psychometric standards (Kline, 1998). The findings of
improved reliability post random error removal supports the theory that random error
variance has provided an upper limit for estimates of the IAT’s reliability.
Cunningham et al.’s (2001) investigation compared two versions of the IAT, an APT
and the Modern Racism Scale. They found consistency across the implicit attitude
measures after correcting for random error variance (Cunningham et al., 2001). Other
researchers have also revealed stronger convergence between implicit attitude
techniques after applying CFA (Gawronski, 2002; Greenwald & Farnham, 2000).
The finding of improved reliability and construct validity estimates for implicit tasks
following the use of CFA implies there is a substantial random error component
influencing IAT effect scores. These results provide strong evidence for the utility of
CFA to account for such random error variance in implicit attitudinal data.

The Multitrait-Multimethod Approach (MTMM)
Confirmatory Factor Analysis (CFA) can facilitate accurate estimates of reliability
and validity for implicit attitude techniques by accounting for random error variance
(as per Cunningham et al., 2001). However, more advanced latent modelling
techniques such as the Multitrait-Multimethod approach (MTMM) can deliver even
greater stringency for construct validity estimates by accounting for both random and
systematic forms of error variance. MTMM requires multiple traits (or constructs) to
be assessed by multiple measures (Schumacker & Lomax, 2010), an estimate of
method effects is then calculated based on the error covariance (Coenders & Saris,
2000; Malhotra, Kim, & Patil, 2006). In this way, MTMM can examine the
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systematic influences that are strongly tied to the measurement design, which are
otherwise difficult to disentangle. This is particularly important for implicit attitude
measures given implicit attitudes can only be assessed using specialised
measurement techniques, and these techniques appear highly susceptible to
systematic influences liable to bias the prejudice estimates of IAT effect scores.

Summary
Structural Equation Modelling (SEM) techniques provide one avenue to address the
likely issue of error variance in implicit attitudinal measurement. Confirmatory
Factor Analysis (CFA) can account for and partial out random error variance from
the observed scores, enabling a more robust estimate of the reliability and construct
validity of the measure. The application of CFA-MTMM then accounts not only for
random measurement error, as with CFA, but further identifies variance specific to
the method used in data collection (systematic error variance), delivering an even
more directed estimate of the trait being assessed (Lance, Noble, & Scullen, 2002).
CFA-MTMM can also provide an indication as to what magnitude of random error
variance and method variance has been confounding the implicit attitudinal scores. A
more detailed introduction to these various SEM analytical procedures will be
covered in the following chapter, Chapter Four. It will be argued that SEM can be
applied to examine many different facets of the reliability and construct validity of
measurement techniques and appears well suited to facilitate a systematic review of
error variance in implicit attitudinal measurement.
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Chapter Summary and Conclusion
To conclude, the present chapter has argued that assessment of implicit attitudes is
susceptible to substantial amounts of random and systematic error variance. Sources
of such error variance have been shown to be closely intertwined with the IAT’s
measurement design and are difficult to differentiate from the true attitude construct
aiming to be examined. Error variance is likely to have significantly confounded to
an unknown degree previous estimates of implicit attitudes, as well as efforts to
evaluate the psychometric properties of these tasks. Traditionally relied upon
correlation and regression-based analytical techniques have been shown to be
inadequate to account for the likely non-random distribution of error variance within
implicit attitudinal data. As such, past psychometric evidence for implicit attitude
measures was likely substantially confounded by error variance, which would have
contributed to the highly variable and generally poor psychometric findings
evidenced. Preliminary evidence of improved reliability and validity for the IAT
following removal of error variance (using CFA), further supports the argument for
significant error variance in implicit attitudinal data. These findings indicate that a
systematic examination of error variance in implicit attitudinal data is required in
order to sufficiently investigate the reliability and construct validity of these tasks.
Such a review is possible using Structural Equation Modelling (SEM) approaches,
such as CFA and CFA-MTMM, which can clarify the impacts of random and
systematic error variance on implicit attitudinal research.
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CHAPTER FOUR
Structural Equation Modelling: Applications for Construct
Validation of Measurement Instruments
Introduction
The previous chapters have argued that implicit attitude measures may have potential
utility for assessing socially sensitive constructs; however at present the reliability
and validity of these instruments is questionable. There is reason to suspect that
existing implicit attitudinal research has been significantly confounded by random
and systematic error variance. Structural Equation Modelling (SEM) procedures may
provide a solution to this by accounting for random and systematic forms of ‘error
variance’ during analysis. SEM can thus facilitate a systematic review of
measurement error in implicit attitudinal data. Two prominent forms of SEM,
Confirmatory Factor Analysis (CFA) and the Multitrait-Multimethod approach to
CFA (CFA-MTMM), were introduced in Chapter Three. These analytical approaches
can evaluate random error and method effects in data, enabling more accurate
estimates of the psychometric properties of measurement techniques. The primary
focus of the current chapter is to provide a non-technical conceptualisation and
illustration of the main applications for SEM in the assessment of reliability and
construct validity. It will also be demonstrated how SEM may be useful to assess
substantive enquiries for the IAT, by examining equivalency testing and the
influence of covariates on latent factors. Each of these applications has potential
utility in the psychometric validation of implicit attitude measures.
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The first section of this chapter presents an introduction to fundamental Structural
Equation Modelling processes that guide Confirmatory Factor Analytic models,
namely the common factor model, model specification and model estimation. Model
specification enables CFA to be adapted to investigate different specific hypotheses.
These applications for SEM are expanded upon in the second section of this chapter.
Various SEM models are shown to provide a comprehensive approach to evaluating
the reliability and validity of measurement instruments. It is argued that latent
modelling techniques provide a suitable and thorough avenue for systematically
examining the psychometric properties of implicit attitude measures.

Fundamental Structural Equation Modelling Processes
SEM is a comprehensive statistical approach used to test hypotheses about the
relationships between observed and conceptual (or latent) variables (Hoyle, 1995).
Latent variables are constructs that are unable to be directly observed such as implicit
attitudes, which are instead inferred from directly observable variables such as
reaction times (Brown, 2006). This conceptual framework is based heavily in the
work of classical test theory (Spearman, 1904), as described in Chapter Three, which
states that an observed score is comprised of both the trait construct being assessed
(the latent variable) as well as measurement error.

SEM refers to a wide spectrum of latent modelling methodologies, such as path
models, factor analyses, multiple group comparisons and multi-level modelling (Gau,
2010). The main focus of the current dissertation is on the factor analytic capabilities
of SEM using Confirmatory Factor Analysis (CFA; Jöreskog, 1969). CFA is used to
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evaluate whether latent constructs are definable by a certain set of items (Jöreskog,
1969). CFA is thus often applied to determine the veracity of specified hypotheses
regarding the relationships depicted in the observed data (Jöreskog, 1969;
Schumacker & Lomax, 2010). This quality of specification makes CFA a precise yet
flexible analytical tool. In the current section key theoretical and practical concepts
integral to the application of SEM techniques are introduced. The common factor
model will initially be described as it forms the foundation of factor analysis. This
will be followed by a brief introduction to model specification and estimation. This
introductory section aims to provide a conceptual overview of how SEM approaches,
such as CFA, are developed to examine various research enquiries.

The Common Factor Model
The common factor model (Thurstone, 1947) aligns with classical test theory in that
each observed variable is viewed as a linear function of one or more common factors
(or latent variables) and one unique factor, often referred to as error variance (Brown,
2006). During CFA, the variance of each indicator (which is an observed variable) is
partialled into two parts, the common variance and the unique variance. The common
variance is the variance accounted for by the latent factor and is estimated using the
shared variance between the indicators. For instance, the shared variance for four
survey questions regarding political preferences (the indicators) can be used to
determine the common latent construct of political attitudes (the common factor). A
common factor or latent variable is thus an unobservable variable, hypothesised to
influence more than one observed measure (Brown, 2006). Unique variance, in
contrast, is the variance in the indicators not accounted for by the common factor
(Coenders & Saris, 2000). Unique variance is a combination of ‘true’ random error
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variance, which is measurement error or unreliability in the indicator, and
uniqueness, which is variance specific to the indicator but independent of the latent
construct (Brown, 2006). As mentioned in Chapter Three, it is not possible to
disentangle random error variance from uniqueness, however the influence of
uniqueness can be minimised by using specially derived data parcels.

Data parcelling is a statistical process whereby scores from two or more observed
responses are averaged and then the parcelled scores replace the item scores during
CFA (Bandalos, 2002). Data parcels typically have higher communality than
individual item indicators, meaning that the ratio of common variance to unique
variance is larger (Meade & Kroustalis, 2006). This is because the uncorrelated
sources of variance within an item and across all items in a domain are used to
determine unique variance (Little, Cunningham, Shahar, & Widaman, 2002).
Therefore, the more scores that have been aggregated to form the parcel the less
uncorrelated sources of variance are present, reducing the overall level of
‘uniqueness’ in the indicator (Little et al., 2002). As each data parcel is then
ostensibly interchangeable, there is almost no uniqueness for each indicator
(Bandalos, 2002; Little et al., 2002). The data parcelling process thereby helps
minimise the influence of uniqueness on the common factor model.

The Common Factor Model: Basics for CFA
The common factor model is often depicted as a pictorial representation of the
relationships between common factors and indicators or test items (Thurstone, 1947).
This model clearly illustrates the influence of unique variance and trait variance on
the observed indicators. To aid interpretation of common factor models, the
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following reviews some conventions integral to CFA. Figure 4.1 presents a path
diagram of a common factor model. Following the conventions of factor analysis,
latent factors are depicted in ovals, whereas the indicators are represented by squares
or rectangles. The common factor (η1) and error variances (ε1-4) are thus depicted in
ovals (as it is not possible to directly observe them); whereas the observed variables
or indicators (Y1-4) are represented in rectangles (see Figure 4.1)9. Within the path
diagram, the unidirectional arrows () represent the factor loadings (λ, or lambda),
which are the regression slopes (or direct effects) for predicting the indicators from
the latent factor (η, or eta). The direct effect is a directional relationship between two
variables, which is typically tested using an ANOVA or multiple regression analysis
(Hoyle, 1995). These paths also relate the unique (error) variances (ε, or epsilon) to
the indicators.

Y1

ε1

λ 21
λ 31

Y2

ε2

λ 41

Y3

ε3

Y4

ε4

λ 11

η1

Figure 4.1. Path diagram of a one-factor CFA model.

For the simple factor solution depicted in Figure 4.1, there is a single latent factor
(η1) and four indicators (Y1-4). Typically three or four indicators are recommended
per latent factor (Brown, 2006). This is because if there was only one indicator it

9

It should be noted that SEM conforms to the conventions of matrix algebra. As such, matrices are
represented by uppercase Greek letters, such as Λ (lambda) and Ψ (psi); and specific elements of these
matrices are symbolised using lowercase Greek letters, e.g. λ, ψ and ε (see Brown, 2006).
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would be assumed that the latent factor perfectly measured the observed variable,
which is rarely the case due to the confounding effects of error variance as
previously outlined (Schumacker & Lomax, 2010). In an example CFA model of a
questionnaire, Y1-4 represent four questionnaire items that are comprised partly of
the latent construct (e.g. political attitudes, η1) and partly by uniqueness/error
variance (ε1-4). The factor loadings (λ) that result from such an analysis are
interpreted to signify how strongly each indicator loads onto the latent factor; that is,
the degree to which the variable represents the common factor. Substantive and
significant factor loadings imply the indicators adequately measured the latent
construct. The model presented in Figure 4.1 can also be described in a mathematical
format to explain the regression functions portrayed. The regression equations can be
summarised by the following four separate equations:

𝑌1
𝑌2
𝑌3
𝑌4

= λ11 η1 + 𝜀1
= λ22 η1 + 𝜀2
= λ33 η1 + 𝜀3
= λ44 η1 + 𝜀4

(4.1)

The set of equations depicted above can be further condensed into a single equation
which describes the relationships among the observed variables (y), latent factors (η)
and unique variance (ε) as measured by the factor loadings ( ) 10:

y=
10

𝑦η

+ε

Uppercase lambda is used here as this equation refers to the full correlation matrix.

(4.2)
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With some minor variations, these fundamental equations can be used to calculate
various aspects of the sample data from the factor analysis parameter estimates,
including variances, covariances and means of the input indicators (Brown, 2006).

The Process of Model Specification and Estimation in CFA
The common factor model provides the foundation for Confirmatory Factor Analysis
(CFA; Jöreskog, 1969). CFA is a theoretically driven analytical process, whereby
models are specified to examine particular relationships or hypotheses about the data.
The first step in CFA is model specification, the process of formally setting out the
model to be estimated (Hoyle, 1995). During this process, any relationships that are
to be examined between the variables are clearly mapped out, such as how many
common factors are needed, which indicators will load on which factors and whether
the factors are correlated or not (Thompson, 2004). To do this, a statement regarding
a set of parameters that depict the nature of the relationships between two variables is
created (Hoyle, 1995). Parameters are typically specified to be either fixed, normally
at a value of zero, or freely estimated using the variance-covariance input matrix11.
Due to these specification requirements, a strong empirical or conceptual foundation
is essential to guide model specification (Brown, 2006).

Once a theoretically-grounded CFA model is proposed it is then compared against
the collected dataset to determine if the relationships among the variables in the
proposed model adequately describe the input data (Saltin & Strand, 1995). In order
to achieve this, a mathematical operation aimed at minimising the difference between
the predicted and the observed variance-covariance matrices is applied, which entails
11

A covariance matrix is very similar to a correlation matrix except it is unstandardised; that is,
covariances are measured in the units of the original variables (Guarino, 2005).
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a fitting function or estimation method. There are many methods that can be used to
estimate the common factor model; including principle factors analyses, or weighted
and unweighted least square analyses. However, the most widely used fitting
function for CFA is the maximum likelihood (ML) procedure (Brown, 2006)12. The
main aim of ML estimation is to find the model parameter estimates that maximise
the likelihood of potentially replicating the data were the data to be collected from
the same population again. This process allows for a statistical evaluation, using the
goodness-of-fit indices (described in Chapter Five), of how well the pattern of fixed
and free parameters specified in the factor solution reproduces the pattern of
variances and covariances seen in the observed data (Hoyle, 1995). The preferred
factor solutions are generally the most meaningful and yet statistically simplistic
solutions (Harman, 1960).

When a CFA analytic program arrives on a set of parameter estimates that adequately
reflect the observed relationships and cannot be improved upon ‘convergence’ is
achieved (Brown, 2006). When convergence occurs it implies the model has been
run successfully. On occasions, ML estimations can fail to converge on a final set of
parameter estimates that adequately reflect the data. This results in an “improper
solution”, such as “Heywood cases”. In these situations there may be an out of range
estimate, such as an indicator with a loading above 1.0, or a negative error variance
(Brown, 2006). The presence of improper solutions can be indicative of a poorly
specified model or due to instabilities with the testing instrument.

12

An extension of ML estimation is the maximum likelihood method (MLM) for estimation. MLM is
a very similar fitting function as ML, however the model chi-square and standard errors of the
parameter estimates are corrected for non-normality within large samples (Brown, 2006).
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Summary
This section has introduced the common factor model, which is the underlying
framework for conceptualising CFA models. It was demonstrated that CFA models
can be specified to examine particular relationships between constructs or to answer
detailed research enquiries. The precision and flexibility with which CFA performs
such estimations establishes the utility of SEM techniques for the assessment of
various applied research enquiries. In the following section, prominent applications
for SEM techniques in the assessment of reliability, construct validity and
substantive hypothesis testing will be described. It will be evident that SEM can
provide a sophisticated and thorough approach to the psychometric investigation of
measurement instruments, such as implicit attitude techniques.

Applications for SEM Techniques in Reliability Estimation, Construct
Validation and Substantive Hypothesis Testing
The present section demonstrates how various research questions concerning the
psychometric properties of measurement instruments can be examined using SEM
analyses. The primary focus of this section is the application of CFA to construct
validation, however, reliability estimation, equivalency assessments and the
influences of covariates on latent constructs will also be outlined. It is argued that
SEM, and particularly CFA, provide a valuable avenue through which the influence
of error variance on implicit attitude scores could be examined. It is concluded CFA
analytical techniques appear suitable to facilitate a thorough psychometric review of
implicit attitude measures.
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Application 1: Testing for Internal Construct Validity using Single-group CFA
Single-group CFA is one of the most basic applications of SEM, yet it can be used to
estimate critical psychometric information for a measurement device. Single-group
CFA can determine whether significant amounts of random error are in the data, as
well as if the measure accurately assesses the hypothesised trait construct
(Schumacker & Lomax, 2010). To examine these enquiries, a single-group CFA
model is specified, as per the model depicted in Figure 4.1. Presuming the model is
deemed a good fit for the data (using the fit indices described in Chapter Five) the
factor loadings for the latent trait and error components are examined. Factor
loadings greater than .32 are typically deemed a minimum standard for acceptability
in applied psychological research because it indicates there is at least 10 percent
shared loading between the variable and the factor (Gorsuch, 1983). However, from a
statistical point of view the choice of threshold for a meaningful loading is often
arbitrary and higher factor loadings around .5 or .6, are preferred (Gorsuch, 1983).

The factor loadings of the indicators onto the latent attitude factor (represented by
λ11-41 in Figure 4.1) show whether the latent trait construct is significantly and
substantively assessed by the observed scores. Good internal construct validity for a
measure would be demonstrated if all indicators were significant and greater than
.32, although much higher factor loadings would provide stronger evidence of good
construct validity (Gorsuch, 1983). Good internal construct validity for the political
questionnaire depicted in Figure 4.1 would imply the items (Y1-4) were all
consistently adequate measures of the same underlying construct of political
preferences. Furthermore, significant and substantive factor loadings of the indicators
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onto the error factors (ε1-4) imply that random error variance comprises a significant
portion of the observed scores.

For the implicit attitude measures, single-group CFA could be applied to each IAT or
APT individually to determine whether the implicit attitude scores provide an
adequate and consistent estimate of the latent implicit attitude construct being
investigated. If this were the case, it would reveal whether each IAT or APT
possessed adequate internal construct validity, a vital prerequisite for any measure.
Single-group CFA could also determine whether significant proportions of random
error variance comprise the implicit attitude scores, as hypothesised. This is a key
advantage of CFA for the current dissertation.

Application 2: Estimating Reliability using Composite Reliability and Average
Variance Extracted
The other crucial prerequisite for a task, reliability, can also be estimated using the
same one-factor single-group CFA model outlined above. Reliability is the degree to
which a test consistently measures that which it measures (Nunnally, 1978).
Reliability is often assessed by examining how well all the items of a test relate to
each other, an estimate referred to as internal consistency. A popular internal
consistency estimator is Cronbach’s (1951) coefficient alpha (α), which rates greater
inter-correlations as indicative of more consistency amongst test items and thus
better stability/reliability for the test. Despite being widely used in behavioural and
social research for more than 60 years, Cronbach’s (1951) coefficient alpha has been
shown to provide a sub-optimal indicator of reliability due to not accounting for error
variance, as well as issues of under- and over-representation (Novick & Lewis, 1967;
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Raykov, 1997; Zimmerman, 1972). Unless all the scale items have equivalent factor
loadings; a model type referred to as tau-equivalent (Graham, 2006), coefficient
alpha has been found to underestimate composite reliability at the population level
by quite substantial amounts at times (Novick & Lewis, 1967; Raykov, 1997). Such
inaccuracies have led to the conclusion that coefficient alpha cannot be considered a
dependable estimator of measure reliability (Raykov, 1997). Rather, it has been
argued that reliability estimation be reported using Composite Reliability (CR) and
Average Variance Extracted (AVE) instead (Fornell & Larcker, 1981). CR and AVE
can both be easily applied to single-group CFA. This matches the stronger reliability
estimate afforded by CR and AVE with the statistical rigour of CFA to deliver a
significant advantage over Cronbach’s alpha.

In SEM, Composite Reliability provides an estimate of the internal consistency of a
task by assessing the extent to which a set of indicators share in the measurement of
a latent construct (Hair, Black, Babin, Anderson, & Tatham, 2006). CR estimates
thus differ from Cronbach’s alpha estimates by examining the reliability of the latent
construct, after random error variance is removed, rather than examining the
reliability of the individual test items. CR delivers an estimate similar to the
reliability of the summated scale and will typically reveal stronger reliability
estimates than Cronbach’s α, unless items are tau-equivalent (Raykov, 1997). Fornell
and Larcker (1981) propose CR be calculated using the formula depicted in Equation
4.3. Adequate reliability for a measure is revealed if CR estimates are greater than
.60 (Tseng, Dörnyei, & Schmitt, 2006) or .70 (Hair et al., 2006).
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𝜌𝜂 =

𝜆𝑖 2
𝜆 𝑖 2 + 𝑉𝑎𝑟 𝜀 𝑖
(4.3)

where 𝜌𝜂 is the composite reliability,

𝜆𝑖 is the factor loading i,

𝑉𝑎𝑟 𝜀𝑖 is error variance for the factor loading i

Average Variance Extracted (AVE) compliments Composite Reliability (CR) by
providing an estimate of how much variance within the indicators is explained by the
common factor (Hair et al., 2006). In other words, AVE measures how much of the
trait construct is accounted for by the attitude scores. This is essentially a test of
internal convergent validity. AVE can be calculated using the formula depicted in
Equation 4.4, similarly specified by Fornell and Larcker (1981). AVE results
represent the ratio of total variance due to the latent variable and can vary between 0
and 1. AVE values greater than .50 are considered satisfactory because they indicate
that at least 50% of the variance in a measure is due to the hypothesised underlying
trait (Bagozzi, 1991; Dillon & Goldstein, 1984; Hair et al., 2006; Tseng et al., 2006).
This score is thus particularly important as it indicates what proportion of trait versus
error variance is accounted for by the observed scores. A result of greater than .50
implies good validity for both the construct and the individual variables, revealing
acceptable internal convergent validity for the measure.

𝜌𝑣𝑐(𝜂 ) =

𝜆 2𝑖

𝜆 2𝑖 + 𝑉𝑎𝑟 𝜀 𝑖
(4.4)

where 𝜌𝑣𝑐 (𝜂 ) is the average variance extracted,
𝜆𝑖 is the factor loading i,
𝑉𝑎𝑟 𝜀𝑖 is error variance for the factor loading i
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Together, CR and AVE provide a psychometrically robust estimate of the internal
consistency and internal convergent validity of a task, such as the IAT or APT.
Given the concerns outlined in Chapter Three regarding the reliability of these
implicit attitude measures, such statistical processes provide a very crucial
application for CFA in the psychometric evaluation of these tasks. CR and AVE can
be applied to assess whether the IAT and APT provide a consistent and adequate
measure of the implicit attitude constructs of interest. The AVE assessment can also
be used to estimate what proportion of random error variance is confounding the
implicit attitudinal data.

Application 3: Testing for Construct Validity using Single-group CFA
The one-factor single-group CFA models described above provide a critical
foundation for reliability and validity estimation of implicit attitude measures.
However, the hypothesis-testing capabilities of CFA position it well for addressing
more complex construct validity estimation, such as the provision of strong
convergent and discriminant validity evidence (Brown, 2006). As described in
Chapter Three, there is scarce convergent validity evidence in support of implicit
attitudinal measures. This may be due, at least in part, to not applying appropriate
statistical processes that account for the confounding influence of error variance.
CFA delivers such an estimate by enabling the simultaneous modelling of data from
more than one task, using a model with multiple factors (such as the three-factor
single-group CFA model presented in Figure 4.2). Using such a model, convergent
validity is evident if different indicators of theoretically similar or overlapping
constructs are strongly interrelated. For example, if two implicit attitude measures,
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such as the APT and IAT, loaded onto a single latent factor, implicit attitudes, the
assertion that the two tasks were measuring a similar underlying construct would be
supported. Discriminant validity, on the other hand, is demonstrated if the indicators
of theoretically distinct constructs are not highly inter-correlated. For example,
discriminant validity of implicit and explicit attitude types would be supported if
implicitly measured attitudes and explicitly measured attitudes loaded onto separate
factors, and these factors were not correlated strongly enough to imply that a broader
construct had been incorrectly separated (Brown, 2006). Discriminant validity would
also be evident if the inter-implicit correlation was significantly stronger than the
implicit-explicit correlation.

To expand on the aforementioned example, Figure 4.2 presents a pictorial
representation of a three-factor CFA model. In this case the three factors refer to two
implicit attitude measures, the APT and IAT, and an explicit attitude questionnaire of
the same construct. To support the convergent validity of the two implicit attitude
measures it would be expected the correlation between them (‘a’ in Figure 4.2)
would be strong and significantly larger than the correlation between either of these
two tasks and the explicit attitude questionnaire (‘b’ in Figure 4.2). If this
discrepancy was observed the discriminant validity of the implicit and explicit
attitude measures would be supported, reinforcing the theoretically proposed
distinction between these attitude types (Gawronski & Bodenhausen, 2006). This
application has the potential to provide critical convergent and discriminant
validation for the attitude measures.
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Figure 4.2. Three-factor CFA model to assess the convergent and discriminant
validity of implicit and explicit attitude measures.

Application 4: Testing for Construct Validity using Higher-Order Factor
Analysis
Convergent and discriminant validity evidence can be further obtained using higherorder CFA modelling. All CFA models presented thus far have been first-order
models, where only one level (a first order) of latent factors was involved. However,
in some instances there are reasonable theoretical grounds to assume that the first-
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order factors can be at least partially explained by some higher-order factor structure
(Schumacker & Lomax, 2010). Probably the most well-known example of such a
structure is in the field of intelligence. Individual first-order factors such as verbal
comprehension, perceptual reasoning and working memory, are generally considered
to be explained by a higher-order factor of general intelligence or ‘g’. In the case of
implicit attitudinal measurement, the APT and IAT are both theoretically considered
to be examining the same latent implicit attitudinal factor. Thus the APT and IAT
could be considered first-order factors, explained by a higher-order implicit attitude
factor. The process for testing such hypotheses is referred to as higher-order factor
analysis.

In a standard CFA model with two or more factors, the factors are generally specified
to be inter-correlated. This means it is assumed there are relations between these
factors, but any specific information about the nature of these relationships is
unknown. Higher-order CFA models provide a theory driven approach to examining
these between-factor inter-correlations. The aim of higher-order factor analysis is to
create a more parsimonious account of the correlations among the first-order factors
(Brown, 2006). Because a more refined structure is applied onto the first-order
model, the higher-order model results in a more theoretically comprehensive solution
than is able to be produced using a standard first-order CFA. To illustrate, a higherorder CFA model suitable for assessing general intelligence is presented in Figure
4.3. In this model the first-order CFA model is comprised of three latent factors:
Verbal Comprehension, Perceptual Reasoning and Working Memory. The secondorder model incorporates the higher-order latent factor of General Intelligence13.
13

In a higher-order CFA there are additional error variances attached to the first-order latent factors
that indicate the amount of variance left unexplained by the higher-order factor (see Figure 4.3).
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Figure 4.3. Example Higher-order CFA model of General Intelligence based on the
Verbal Comprehension, Perceptual Reasoning and Working Memory sub-tests.
*p<.05.

The structural equations that result from the analysis provide an indication of the
strength of the relationship between the first- and second-order factors (Schumacker
& Lomax, 2010). In this way, it is possible to tell which first-order factors provide
the strongest measure of the second-order factor. For example, in Figure 4.3 Verbal
Comprehension has a factor loading of .82 on the higher-order factor, which means it
is the strongest measure of General Intelligence, followed by Perceptual Reasoning
(.79) and then Working Memory (.45), with all three being statistically significant. In
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other words, all three tests assessed a substantive level of General Intelligence, but
the Verbal Comprehension sub-test provided the most comprehensive measure of
this construct14.

The application of higher-order CFA to implicit attitude measures would enable a
comparison of various implicit techniques to gauge which task provides the strongest
assessment of the implicit attitude (higher-order factor) being examined. For
instance, an APT and IAT of the same attitude construct could be compared using
higher-order CFA to determine which task delivers the strongest measure of the
implicit attitudinal construct, or indeed, whether the measures are comparable. Such
a comparison would deliver vital information regarding the relative strengths of
different attitudinal instruments for measuring implicit attitudes. The analysis could
also provide convergent validity evidence for the measures, adding to the construct
validity evidence of these techniques.

To summarise, higher-order CFA provides one avenue for assessing the construct
validity of implicit attitude measures free from the confounding influence of random
error variance, whilst enabling clear comparisons between like measures. However,
further more sophisticated applications of SEM allow for the examination and
quantification of not only random error variance, but also systematic types of
variance associated with specific methodologies used in data collection. Such a
sophisticated application of CFA delivers an even stronger assessment of construct
validity than possible using single-group CFA alone.

14

The factor loadings described above are created to illustrate a point and are not a true reflection on
the various contributions of these sub-types on general intelligence. This example was designed
purely to illustrate the utility of higher-order CFA models for increasing understanding of the
relationships between first-order latent factors.
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Application 5: Construct Validation of a Measuring Instrument using the
Multitrait-Multimethod Approach
As introduced in Chapter Three, the Multitrait-Multimethod (MTMM) approach
provides one avenue for estimating systematic forms of error variance, such as
method effects, which are likely to significantly influence implicit attitudinal scores.
Method effects form a systematic or consistent type of bias, regardless of what
construct is being assessed, and can therefore impact upon the observed data in
unknown ways (Meade, Watson, & Kroustalis, 2007; Podsakoff et al., 2003).
Although standard CFA is able to partial random error variance, the method effects
remain confounded with the trait construct during analysis and thereby continue to
influence the results. In their classic article, Campbell and Fiske (1959) outlined a
strategy for using Multitrait-Multimethod (MTMM) matrices to account for method
variance in addition to random error variance when evaluating the construct validity
of psychological measures. This approach enables a clear estimate of random error
and systematic error variance in the data. The MTMM framework has since become
a popular and critical tool for construct validation (Lance et al., 2002).

The MTMM design initially proposed by Campbell and Fiske (1959) involved
directly examining elements of the correlation matrix among the trait by method
measurements. This approach was cumbersome, lacked statistical significance testing
and often resulted in confusion (Coenders & Saris, 2000; Gignac, 2009; Schmitt &
Stults, 1986). By the early seventies, MTMM matrices began being analysed using
structural equation models (Brown, 2006). These models provided more accurate
reliability and validity estimates by partitioning the observed scores into trait, error
and method components. The MTMM methodology can be applied using different
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frameworks within SEM, such as CFA, correlated uniqueness and the true score
approach (Coenders & Saris, 2000). Of these, the CFA framework is particularly
well suited to the application of MTMM data and there is strong support for its use in
applied behavioural research (Brown, 2006; Cole & Maxwell, 2003; Marsh &
Grayson, 1995). It has been argued that the enterprise of validity has reached a
pinnacle with the CFA-MTMM strategy due to the way it can be applied to
incorporate all forms of quantitative validity research (Gignac, 2009).

The CFA-MTMM approach requires multiple traits (or constructs) to be assessed by
multiple measures (Schumacker & Lomax, 2010). This is so each observed variable
loads onto one trait factor and one method factor. The method factor accounts for
error covariances or systematic method effects (Coenders & Saris, 2000), which can
be used to determine the amount of method variance present in the observed data.
Given implicit attitude measures may be quite susceptible to systematic error, as
outlined in Chapter Three, the CFA-MTMM approach could deliver a more accurate
estimate of construct validity for the APT and IAT by accounting for both systematic
and random error influences. As with single-group CFA, both convergent and
discriminant aspects of construct validity can be assessed. In CFA-MTMM
convergent validity is evidenced when measures of the same trait correlate highly
even when they were assessed using different methods (Schumacker & Lomax,
2010). Discriminant validity is obtained when correlations between measures of
different traits using the same method are low (Nosek & Smyth, 2007). By
comparing the fit of structural models, the relative merits of different hypotheses
about the structure of trait and method variance can be systematically tested (Nosek
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& Smyth, 2007). Model specification is vital for facilitating this hypothesis-testing
capability of CFA-MTMM.

Prominent Specification Approaches for CFA-MTMM Models
CFA-MTMM models are typically specified using one of two approaches, the
correlated methods approach and the correlated uniqueness approach (Marsh &
Grayson, 1995). The correlated methods approach estimates the latent method factor
by examining the shared variance in the indicators for a particular method. This
approach corresponds directly to the original conceptualisation of MTMM matrices
by Campbell and Fiske (1959) whereby each indicator is composed of trait, method
and error (or unique) variance. The correlated uniqueness approach obtains a
measure of method variance by investigating the correlations between error variances
for each method type rather than by examining latent method factors (Brown, 2006).
The strongest advantage of the correlated uniqueness approach is that it rarely results
in improper solutions. The correlated method model, while being more prone to
improper solutions, allows for an evaluation of the relationship between method
factors; something which is not possible using the correlated uniqueness approach
(Brown, 2006). Given the current study is keenly interested in the relationship
between methodologies (i.e. the IAT and APT); the correlated methods approach
appears the more appropriate.

Several techniques have been proposed for applying the correlated methods
approach. The correlated trait-correlated method (CTCM) enables free estimation
between trait factors or method factors (Marsh & Grayson, 2005). This approach
differs from the correlated trait-uncorrelated method (CTUM) that constrains
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correlations among method factors to be zero (Marsh & Grayson, 1995). The
correlated trait-correlated method minus one model (CT-C(M-1)) uses one method
less than the methods assessed, so that one method provides a ‘standard’ from which
the others are compared (Eid, et al., 2003). Further approaches include latent
difference modelling (Pohl, Steyer & Kraus, 2008) and latent means modelling
strategies that examine the mean method effect rather than the impact of specific
methodologies (Pohl & Steyer, 2010). Whilst all of these modelling approaches have
certain advantages and disadvantages, the freely correlated trait-freely correlated
method (CT-CM) has been applied most extensively to construct validation
assessments (Lance et al., 2002) and may aid comparing different implicit attitude
measures. Typical CT-CM CFA-MTMM analyses involve at least two methods that
assess at least two traits, with correlations between trait factors or between method
factors freely estimated. Free estimation between latent factors allows for a direct
estimate of the relationship between these factors. This is a key advantage of the CTCM CFA-MTMM approach as it means that two methods, such as the APT and IAT,
can be directly compared without the confounding influence of trait or random error
variance. Such a comparison is not possible using alternate methods such as CTC(M-1).”

An example of how CFA-MTMM could be used to assess construct validity for the
implicit attitude measures is presented in the CFA-MTMM path diagram of Figure
4.4. Two attitude constructs, racism and political preferences (the traits), were each
measured by two implicit attitude measures, an APT and an IAT (the methods). Thus
four measures were involved, each consisting of four sets of trials. Data from the trial
sets (the indicators) loaded onto one trait and one method factor. Using the CT-CM
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CFA-MTMM approach, method variance and random error variance are partialled by
examining the shared variance of specific groups of indicators. To enable such an
analysis, correlations among the trait and method factors were freely estimated so as
to determine the relationships between these variables. Correlations between the trait
and method factors were fixed to zero as there should be no relationship between
those latent factors. The error variances were freely estimated but were restrained so
as not to correlate with other error variances (see Figure 4.4 for the resulting model).
Because the relationship between the two method factors is freely estimated it can
provide an indication regarding how strongly related the APT and IAT
methodologies are. CFA-MTMM could also be applied to the verbal and pictorial
adaptations of the IAT to assess the convergent validity of these measures, which
could greatly increase the psychometric support currently available for these tasks.
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Figure 4.4. A CT-CM CFA-MTMM model depicting two traits (Race and Politics)
and two methods (APT and IAT).
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Estimating Construct Validity by Examining Individual Parameters
In a CFA-MTMM analysis, scrutinising the individual parameters (i.e. the factor
loadings) can deliver a stringent assessment of the construct validity of measurement
techniques (Byrne, 1998). In Figure 4.4, the individual parameters relating to the
traits are represented by the pathways under “a”, the parameters relating to the
methods are represented by the paths under the “b” and the paths under the “c”
represent the random error variances. When examining these individual parameters,
adequate construct validity for a task is demonstrated if the proportion of trait
variance is greater than method variance (Byrne, 1998). The significance of the
variances, or the squared standardised loadings, are also taken into consideration. As
such, for Figure 4.4 a2 is the trait variance for the first data parcel RAPT1, b2 is the
method variance for that same indicator and c is the error variance. If overall a2 > b2
it would provide support for the construct validity of the measurement instrument.

This comparison of trait and method variances could provide an exacting assessment
of the construct validity of implicit attitude measures that is over and above what is
possible by using CFA alone. This is because the estimate of trait variance is no
longer confounded by method-related variance. In addition, the individual parameters
could provide an indication of what proportion of the implicit attitudinal scores is
assessing the trait construct, and likewise what proportion is ‘assessing’ random and
systematic types of error. The CFA-MTMM analysis is thus critical for confirming or
otherwise the hypothesised impact of error variance on implicit attitudinal tasks. In
summary, examining the construct validity of implicit attitude measures using CFAMTMM enables random and systematic error variance to be accounted for, resulting
in a more accurate estimate of the psychometric properties of the APT and IAT.
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Application 6: Testing for Invariant Factorial and Latent Mean Structures
using Multiple-groups CFA
SEM techniques have been shown to provide a psychometrically rigorous avenue for
assessing the construct validity of measurement instruments in the case of individual
groups of participants. But often researchers are interested in comparisons between
more than one participant groups. Researchers may want to determine if there are
significant differences between Group A and Group B on a particular measure; or
whether sex, culture, age or any other variable impacted the way the measures were
completed. These substantive enquiries may be very applicable to the implicit
attitudinal measures, for if such measures are deemed to be psychometrically
adequate then it would be important to ascertain what information about implicit
attitudes have been uncovered in a way that still accounts for error variance.
Multiple-groups CFA may provide one means for achieving this. Usually, multiplegroups CFA is used to simultaneously test data from two separate participant groups.
However, the methodology could also be applied to determine if there was a
significant difference between the latent means of the congruent and incongruent
‘groups’ of data, even if they are sourced from the same participant sample. Applied
this way, multiple-groups CFA would provide a way of ascertaining whether an IAT
effect had occurred for the sample whilst accounting for the confounding influence
of error variance. However, before the average reaction times (or levels of a trait) for
two different ‘groups’ can be compared, it is first crucial to assess whether a score of
X by one group is equivalent to a score of X for the other group. If the trait scores are
not comparable across groups then differences between groups in mean levels are
potentially artifactual and may be substantively misleading (Reise, Widaman, &
Pugh, 1993). This process of determining equivalency across groups is referred to as
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testing measurement invariance, which aims to ensure that a particular measure is
operating in the same way for different groups of people (Burns & Haynes, 2006).
For the IAT, a test of measurement invariance would be required to ascertain
whether an average reaction time of X for the congruent trials is equivalent to an
average reaction time of X for the incongruent trials.

Multiple-groups CFA provides a strong analytic framework for evaluating invariance
across distinct groups (Reise et al., 1993). By running simultaneous CFAs for two or
more groups, the measurement and structural parameters of the comparative models
are tested such that any group differences between the latent models are revealed
(Brown, 2006). Multiple-groups CFA requires that constraints are applied to the
models, such as like parameters, in a step by step process. This process enables a
detailed examination of the equivalency of the measurement (measurement
invariance) and structural (population heterogeneity) solutions (Brown, 2006). By
applying this thorough approach to invariance testing it is possible to ascertain
whether the factor structure, the structural equivalence, the intercepts, the error
variance, the variance (or standard deviation) and the latent mean scores are the same
for each group (Burns, Gomez, Hafetz, & Walsh, 2006). These tests provide a direct
contrast of the aforementioned aspects of the groups in order to determine
comparability, or indeed, significant differences between the groups. Multiple-groups
CFA require two separate input matrices and the analyses follow a specific
procedural format.

To begin the assessment of measurement invariance, the factor structure of Group A
and Group B’s models are examined and compared. For the IAT, Group A could
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refer to the congruent trial data, and Group B the incongruent trial data. The initial
assessment of factor structure for these ‘groups’ is referred to as equal form
invariance (or configural invariance) and it means the number of factors and the
pattern of indicator-factor loadings is identical across groups (Brown, 2006). This is
the least restricted model which subsequent models are evaluated against using the
nested chi-square (χ2) difference test, a measure of the relative difference in chisquare value for two nested models. After establishing equal form (configural)
invariance, the next series of analyses entail increasingly restrictive constraints.
Factor loading equality is initially examined (metric invariance), then equality of
intercepts (scalar invariance or strong factorial invariance) and finally the equality of
the error variances (residual invariance or strict factorial invariance) (Brown, 2006).
These four separate analyses comprise the assessment of measurement invariance.

Once measurement invariance is established, multiple-groups CFA can be applied to
test the equality of latent means. This is the key aspect of multiple-groups CFA of
interest for the IAT, as the analysis could reveal whether an IAT effect was present
or not by showing whether there is a significant discrepancy in the latent means for
the congruent and incongruent data. If the latent means for the congruent trials were
found to be significantly smaller than the latent mean for the incongruent trials it
would imply a positive IAT effect had occurred, that the expected attitudinal bias
was revealed. The comparison of latent means is somewhat analogous to the
comparison of observed group means completed using a t-test or ANOVA (Brown,
2006). However, unlike these traditional ways of determining whether an IAT effect
has occurred, the comparison of latent means accounts for error variance, thereby
providing a more accurate indication of the implicit biases evidenced.

123

Group comparisons of latent means are only meaningful if the factor loadings
(metric) and indicator intercepts (scalar) have been shown to be invariant. As such,
the comparison of latent means cannot occur until after the analyses of measurement
invariance are completed. In order to compare two latent means, the latent mean of
one model (the congruent trial data) is constrained to be zero, whereas the second
latent mean (for the incongruent trial data) is allowed to be freely estimated. If this
produces a significant latent mean for the second ‘incongruent’ group it indicates
there is a significant difference between the means of the two groups, i.e. that an IAT
effect was present for the sample. Figure 4.5 provides a conceptual model of this
assessment of latent means using multiple-groups CFA. For a two group comparison,
the difference between latent group means is equal to the latent mean for the second
group and the sign of the second group’s latent mean provides a guide as to which
mean was higher (Thompson & Green, 2006). For the example IAT data in Figure
4.5, a significant and positive result indicates the average reaction time for the
incongruent trials was significantly slower than the congruent trials, demonstrating
the expected IAT effect.
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Figure 4.5. Multiple-groups CFA model assessing the IAT effect for Construct 1.

As outlined above, Multiple-groups CFA could provide one avenue to compare the
congruent and incongruent IAT results to determine if an IAT effect had occurred.
This approach would avoid the confounding influence of error variance on the
results, potentially delivering a more accurate impression of the implicit biases of the
sample. A similar approach would also be appropriate for the APT data.

Application 7: Testing for the Effects of Covariates on the Latent Factor
Structure using MIMIC Models
The final application of SEM covered in this chapter provides another avenue to
assess group difference, but is a considerably simpler approach than multiple-groups
CFA (Thompson & Green, 2006). Multiple Indicators, Multiple Causes (MIMIC)
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Models only requires a single dataset and can be used to assess the impacts of
participant’s characteristics such as age, sex, or political preferences, on the latent
factor. As such, MIMIC models could be used to determine whether specific
participant characteristics are related to greater amounts of implicit prejudice as
measured by the IAT or APT.

MIMIC models apply the full general SEM model, which is comprised of both
structural and measurement components (see Figure 4.6; see also Hoyle, 1995). The
measurement model is the component of the general model concerned with the latent
variables, the part utilised by CFA. The structural model depicts relationships
between the latent variables and other observed variables that are not the indicators,
also referred to as covariates (Hoyle, 1995). MIMIC models thus add covariates to
the CFA model to examine their direct effects on the latent factors and selected
indicators (Jöreskog & Goldberger, 1975). This process enables both factors and
indicators to be regressed onto observed covariates representative of group
membership, such as sex, age, socio-economic status or cultural grouping. Put
simply, the MIMIC model is theoretically (and practically) similar to adding a
regression model onto a CFA model (see Figure 4.6).

Unlike multiple-groups CFA, MIMIC models only require a single input matrix. This
one dataset contains the variances and covariances of the latent variable indicators as
well as covariates that denote group membership (Brown, 2006). The use of only one
dataset allows for the simultaneous testing of many covariates with relative ease,
which is a significant advantage for the MIMIC approach over multiple-groups CFA.
The two basic steps of MIMIC modelling are to first establish a viable CFA
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measurement model using the full sample, then secondly add the covariates to the
model to determine their direct effects on the latent factors and selected indicators
(Brown, 2006). A significant direct effect of a covariate onto a latent factor signifies
the factor means are different at different levels of the covariate. This is similar to the
test of equal latent means in a multiple-groups CFA. Group mean differences are
generally presented on the latent models as parameter estimates of the direct effects,
which can provide information regarding the size of the discrepancy between the
groups (Brown, 2006).

In a MIMIC model the covariate is ordinarily assumed to be free of error variance.
This is a reasonable assumption given the covariate often represents known groups
(such as males versus females). These covariates are typically depicted by nominal
variables that denote a category level of the groups (e.g. Sex: 0 = Male, 1 = Female).
However, MIMIC models are also able to accommodate continuous predictors,
which pose another potential advantage over multiple groups CFA. The basic
MIMIC model presented in Figure 4.6 depicts Sex as the covariate directly affecting
the two latent factors. This section of the model is referred to as the structural part of
the MIMIC model, where the observed variable, Sex, is being used to predict the two
latent Factors (Schumacker & Lomax, 2010). The MIMIC model diagram also
indicates the prediction error for the two latent factors (ε9-10). The part of the MIMIC
model showing the two factors, the four observed indicator variables and associated
error variances is the measurement part of the model, which defines the latent
variable (Schumacker & Lomax, 2010). Using this MIMIC model, if the direct effect
between Sex and Factor 1, for example, was significant it would indicate there was a
significant difference between the male and female participants for that factor.
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Applying MIMIC modelling to implicit attitudinal research would allow for an
investigation into the effects of sex, age or other factors onto the implicit attitudes
examined using the APT or IAT. In this way it can be seen whether males possess
greater implicit biases than females, or likewise for any other relevant characteristics.
MIMIC models thus enable such substantive enquiries for implicit attitude measures.
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Figure 4.6. MIMIC model depicting a Sex covariate onto a two-factor model. The
structural and measurement models inherent in the diagram have been highlighted.
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Chapter Summary and Conclusion
SEM techniques can be applied to answer a wide range of important research
questions. The prominent strength of these approaches is that they provide a
sophisticated and flexible way to assess many aspects of the construct validity of
measuring instruments, whilst simultaneously modelling the effects of error variance.
Single-group CFA was shown to be suitable for estimating the internal construct
validity of implicit attitude measures. Reliability estimations were also possible using
this model when combined with CR and AVE. The construct validity of the IAT and
APT may be suitably examined using single-group CFA, higher-order CFA and
CFA-MTMM models. These analyses could deliver a thorough assessment of the
construct validity of implicit attitude measures whilst simultaneously estimating the
amount of random error variance, and in the case of CFA-MTMM, method variance
that is confounding implicit data. Provided adequate psychometric support for the
tasks is evidenced, multiple-groups CFA and MIMIC models can facilitate an
investigation into substantive enquiries, such as whether the tasks have revealed
implicit prejudice (i.e. whether an IAT effect was evident) as well as if other factors
such as the age or sex of the participants influenced implicit attitudinal biases.

In conclusion, SEM analytical strategies provide a multitude of approaches for
critically assessing the psychometric properties of implicit attitude measures.
Because these techniques examine latent rather than observed scores, SEM
approaches are likely to provide a far more psychometrically rigorous approach to
examining the reliability and construct validity of implicit attitudinal techniques than
has traditionally been obtained.
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In the following three chapters, three empirical studies assess the psychometric
properties of the IAT and APT using SEM analytical approaches. Chapter Five
investigates various aspects of the reliability and construct validity of the IAT and
APT whilst accounting for random error variance using single-group CFA (with CR
and AVE) as well as higher-groups CFA. Chapter Six will expand on this by
examining the construct validity of several IATs using CFA-MTMM to account for
method effects in addition to random error variance. Chapter Seven will explore
measurement invariance within the IAT using multiple-group CFA and the influence
of participant characteristics on the latent implicit attitudes using MIMIC models. It
will be demonstrated that SEM provides a sophisticated and thorough approach to
reliability estimation and construct validation of implicit attitude measures.
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CHAPTER FIVE
Study One: Reliability Estimation and Construct Validation of
Implicit Attitude Measures using SEM Techniques
Introduction
Implicit attitude measures, such as the Affective Priming Technique (APT; Fazio et
al., 1986) and the Implicit Association Test (IAT; Greenwald et al., 1998), provide a
novel and potentially useful approach for assessing socially sensitive attitudes like
racial prejudice (see Chapter Two; also Nosek et al., 2005). However, as noted in
Chapter Three, empirical inconsistencies and poor psychometric properties have
resulted in concerns as to whether implicit attitude techniques are suitably consistent
and accurate measures of implicit attitudes. High error variance has likely been a
significant contributor to implicit attitudinal scores (see Chapter Three), which has
not previously been taken into account when estimating the psychometric properties
of implicit measures. The present study aims to rectify this by applying Structural
Equation Modelling (SEM) techniques to examine various aspects of the reliability
and construct validity of the IAT and APT.

This chapter outlines the first of three empirical studies, which addresses four of the
seven aims of the present research. Study One assesses reliability, internal construct
validity, convergent validity and discriminant validity evidence for the affective
priming task (APT; Fazio et al., 1986), verbal Implicit Association Test (VIAT;
Greenwald et al., 1998) and pictorial Implicit Association Test (PIAT; Thomas et al.,
2007) using Confirmatory Factor Analysis (CFA) models. Mixed support for the
reliability and validity of the implicit attitude measures is found, with high error
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variance evident for all the implicit attitude tasks. More consistent psychometric
evaluation of measurement instruments is recommended so that the unique
advantages of implicit attitude measures can potentially be maintained, but within the
confines of more rigorous and psychometrically robust empirical research.

Implicit Attitudinal Measures; A Unique Approach to Prejudice Assessment
As discussed in Chapter One, implicit attitudinal measures provide an avenue
through which new insights into our cognitions can be gleaned. Implicit attitudes
measures differ from explicit attitudes measures by not requiring conscious intention
or deliberation (Nosek et al., 2006). Rather, implicit attitude techniques rely on
speeded categorisation tasks from which implicit attitudes are inferred. This
methodology has proven quite difficult to falsely respond to due to, predominantly
because of the indirect nature of the measure (making it less clear what is being
assessed) and the requirement of speeded response latencies that are hard to
consistently control responses on, especially over hundreds of trials (Asendorf et al.,
2002; Egloff et al., 2005; Steffens, 2004). As such, implicit attitude measures have
proven reasonably superior to explicit attitude measures for the assessment of
sensitive attitudes that participants may be unwilling to openly share (Greenwald et
al., 2009). Racial prejudice is a key example of such controversial topics.

Racial prejudice remains one of the most sensitive topics investigated in the
behavioural sciences. Despite Australia’s current legislation that espouses
multicultural ideals (Schweitzer et al., 2005), there is a well document history of
racial intolerance within this country (Dunn et al., 2004; Islam & Jahjah, 2001).
However, racial intolerance is not evenly distributed across all racial groups.
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Following the well-publicised destruction of New York’s twin towers by Muslim
extremists in 2001 and the subsequent “War on Terror” instigated by the United
States of America at the Middle East, substantial amounts of ‘Islamophobia’ have
been reported both overseas (Agerström & Rooth, 2009; Chopra, 2008; Gibson,
2008; Nosek et al., 2007; Park et al., 2007; Rashid, 2009) as well as here in Australia
(Dunn et al., 2004; Dunn et al., 2008; Islam & Jahjah, 2001). Notably, in Australia
Arabs have been perceived as the most threatening racial group (Islam & Jahjah,
2001) and anti-Muslim concern is rated as over twice as high as the next most
concerning out-groups, namely Black Africans and Indigenous Australians15 (Dunn
et al., 2008). Given the strong evidence of antipathy towards persons from the
Middle East (see also Agerström & Rooth, 2009; Chopra, 2008; Dunn et al., 2004;
Dunn et al., 2008; Gibson, 2008; Park et al., 2007; Rooth, 2010), attitudes towards
Arabs and the Middle East (versus Europe and Europeans) will be investigated in the
present study.

Error Variance in Implicit Attitude Measures
Implicit attitude measures, although potentially very valuable for examining racial
biases, have proven to deliver inconsistent results (see Chapter Three; see also
Bosson et al., 2000; Krause et al., 2010; Rudolph et al., 2008; Sherman et al., 2003).
It is strongly suspected that random error variance is substantially contributing to
such inconsistencies, as outlined in Chapter Three. Random error variance acts as a
confounding factor, hindering the ability of any measure to accurately estimate
underlying attitudes (Rudolph et al., 2008). This is because trait variance is
proportional to error variance, such that the greater the error variance the less trait
15

The irony of indigenous Australians being rated as a group not belonging to Australia is not lost on
the present researchers.
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variance that can be present in the measure (Cote & Buckley, 1988). High amounts
of random error variance in a dataset can thus significantly confound validity
estimates and may even act as an upper limit for convergent validity estimations
(Cole & Maxwell, 2003; Cunningham et al., 2001; Podsakoff et al., 2003).

Podsakoff et al. (2003) demonstrated the impact of random and systematic types of
error variance on the observed correlation between measures of different constructs.
Podsakoff et al. (2003) applied the mathematical formula and average trait and error
variances that were produced by Cote and Buckley (1987). For example, attituderelated measures were found to be comprised of 30% trait variance, 30% random
error variance and 40% method variance (Cote & Buckley, 1987). When these
variance estimates were inserted into the formula devised to calculate an average
observed correlation, it was revealed that two perfectly correlated attitude constructs
(1.00) were limited to an observed correlation of .52 following the incorporation of
such error variance (Podsakoff et al., 2003). This is a Type II error, a false negative,
and is concerning as it shows that even if two traits are perfectly correlated, typical
levels of error variance reduce the observed correlation by half, and thus the variance
explained by 70% (Podsakoff et al., 2003). These results support the assertion by
Cunningham et al. (2001) that error variance has been providing an upper limit for
psychometric estimates of implicit attitude measures. If it was demonstrated that high
random error variance was present in the implicit attitude measurement techniques it
would assist in explaining the poor inter-implicit correlations previously reported in
the implicit attitude literature (see Chapter Three; also Hofmann & Schmitt, 2008;
Krause et al., 2010; Rudolph et al., 2008). Thus error variance may have limited
efforts to obtain satisfactory psychometric support for implicit attitude measures.
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Systematic Analysis of Random Error Variance using SEM
Cunningham et al. (2001) argued for the need to systematically evaluate and account
for error variance in implicit attitudinal research. Structural Equation Modelling
(SEM) techniques provide one robust method to systematically account for error
variance. As explained in Chapters Three and Four, CFA partials out random error
variance from the implicit data thereby reducing the interference caused by unknown
amounts of random measurement error. This enables more accurate assessment of the
proportions of trait variance being assessed, and thus a stronger estimate of reliability
and construct validity for measurement instruments. Methods such as Composite
Reliability (CR) and Average Variance Extracted (AVE) can provide a measure of
reliability and internal convergent validity that are not confounded by error variance,
delivering a more accurate estimate of internal consistency than that afforded by
traditional methods like Cronbach’s Alpha (Novick & Lewis, 1967; Raykov, 1997;
Zimmerman, 1972).

Confirmatory Factor Analysis (CFA; Jöreskog, 1969) is a sophisticated latent
modelling analytical technique that enables construct validity estimation. Using this
technique, variance associated with the construct is identified because it is shared
across the items (or trials in an IAT or APT), demonstrating a commonality of
variance known as the common factor. The residual variance is designated as random
error variance (or unique variance). By partitioning random error variance, CFA can
provide strong evidence for both convergent and discriminant validity, which are the
two key sub-types of construct validity (Brown, 2006). Convergent validity is often
evidenced by strong correlations (r>.50; Cohen, 1992) between conceptually similar
latent constructs (Schumacker & Lomax, 2010). It is also demonstrated when two
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measures of the same construct (such as the IAT and the APT) are highly correlated.
Discriminant validity is evidenced when indicators of theoretically distinct constructs
are not highly inter-correlated (r<.30; Cohen, 1992), such as would be demonstrated
if implicit-explicit correlations were shown to be significantly lower than interimplicit correlations. CFA can thus provide a sophisticated assessment of construct
validity for measurement instruments.

In summary, implicit attitude techniques reveal the potential for great utility in the
assessment of socially contentious issues. However, psychometric evidence for the
tasks has been inadequate to support their use thus far. Random error variance is
believed to have been providing an upper limit for psychometric estimates of implicit
attitude techniques. The present study aims to systematically examine the extent and
influence of random error variance in the APT and IAT whilst assessing the socially
contentious topic of anti-Arab prejudice. A thorough examination of the reliability
and construct validity of these implicit attitude techniques will now be presented.

Study One
The overall aim of the present study was to apply SEM techniques, such as CFA, to
examine the reliability and construct validity of Fazio et al.'s (1986) APT, Greenwald
et al.'s (1998) VIAT and Thomas et al.'s (2007) PIAT. Two versions of each of these
tasks were developed, one that examined implicit preferences for Europeans over
Arabs (the racial attitude construct), the other that examined attitudes towards
countries within certain regions of the globe, namely the Middle East and Europe
(the country attitude construct). The six tasks were: a Racial APT, Country APT,
Racial VIAT, Country VIAT, Racial PIAT, and Country PIAT. The series of
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analyses investigated the internal consistency, internal convergent validity and
internal construct validity of the APT, VIAT and PIAT, as well as the convergent
and discriminant validity of each of these implicit attitudinal measures.

Aim 1: Assess the Reliability of the APT, VIAT and PIAT using Composite
Reliability and Average Variance Extracted
The first aim was to estimate the internal consistency and internal convergent
validity of the implicit attitude measures using Composite Reliability (CR) and
Average Variance Extracted (AVE). Adequate reliability was hypothesised for all the
implicit attitude measures (CR>.70 and AVE>.50; Hair et al., 2006)

Aim 2: Internal Construct Validity of the APT, VIAT and PIAT using Singlegroup CFA
The second aim was to apply single-group CFA to individually examine the internal
construct validity of each of the six implicit attitude measures. These tasks were
analysed separately using the CFA model illustrated in Figure 5.1, which depicts the
latent attitude construct, the observed attitude scores/ indicators (data Parcels 1-4)
and the error variances (ε1-4). It was hypothesised that all indicators would load
substantively (>.32; Gorsuch, 1983) onto the latent factor, revealing good internal
construct validity. Furthermore, it was expected substantial and significant error
variance would also be present for all data parcels, supporting the claim of high
random error in implicit attitudinal measurement.
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Figure 5.1. CFA path model for assessing the internal construct validity of each of
the implicit attitude measures.

Aim 3: Convergent and Discriminant Validity of the Implicit Attitude Measures
using Single-group CFA
The third aim was to apply single-group CFA to assess the convergent and
discriminant validity of the implicit attitude measures. For each of the two attitude
constructs a VIAT, PIAT, APT and explicit questionnaire were compared. The
attitude constructs examined Racial preferences (towards Arabs versus Europeans) or
Country preferences (towards the Middle East versus Europe). Convergent and
discriminant validity evidence was assessed using the four-factor CFA model
presented in Figure 5.2. A strong inter-implicit correlation was expected between the
latent implicit attitude constructs (r>.50; Cohen, 1992), revealing convergence
amongst the implicit tasks. A positive but weak relationship was expected between
the implicit and explicit attitude measures (r<.30; Cohen, 1992), supporting the
discriminant validity of implicit and explicit attitudinal constructs (see Nosek, 2007).
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Figure 5.2. CFA path model specified to test the convergent and discriminant
validity of the implicit and explicit attitude measures for a single attitude construct.

Aim 4: Convergent and Discriminant Validity for Implicit Attitude Measures using
Higher-order CFA
The fourth aim examined whether the latent implicit attitude techniques all loaded
significantly and substantially onto a single higher-order factor, revealing whether
the tasks accessed the same underlying implicit attitudinal construct. It was expected
the implicit attitude measures would load much more strongly on the implicit higherorder factor than the explicit attitude measure would, thus supporting the
discriminant validity of these constructs. The specified higher-order CFA model is
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presented in Figure 5.3, it is an extension of the latent correlation model seen in
Figure 5.2. The higher-order model enables an estimate of the relative strength of
each measure in assessing the underlying construct.
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Figure 5.3. Higher-order CFA model specified to provide further convergent and
discriminant validity evidence for the implicit and explicit attitude measures.
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Method

Participants
Responses of 205 first year psychology students from the University of Tasmania
and persons known to the investigator were collected for ten tasks. Of these
participants, the data of three were used for piloting purposes. Of the remaining 202
participants, four were excluded due to missing data or because more than 10% of
trials for a single IAT had latencies of less than 300ms, implying the participant did
not adequately attend to the stimuli (in accordance with Greenwald, Nosek and
Banaji, 2003). Consequently, the final dataset contained 198 participants. One
hundred and forty-four participants were female (Mean age = 25.08 years,
SD=10.86) and 54 were male (Mean age = 29.11yrs, SD=11.70). The overall mean
age of participants was 26.03 years (SD=11.10). The self-identified ethnic make-up
of the sample was as follows: 174 Australians, ten Europeans, eight Asians, three
North Americans, two persons from the Middle East and one African.

Apparatus
Participants completed six IATs, two APTs, two explicit questionnaires and
answered a few demographic questions regarding their age, ethnicity and how well
travelled they believed they were. Each of these tasks is expanded upon below.
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Implicit Association Tests (IAT; Greenwald et al., 1998)
IATs are computer-based programs that require attribute- and category-type stimuli
be simultaneously allocated into their respective categories as quickly as possible.
For the current study, each IAT was presented individually on a laptop computer
running the Inquisit software package (Millisecond Software, 1996).

Stimuli categorisation required pressing the designated key (“A” for the left hand and
“L” for the right hand) on the computer keyboard using the participant’s left- or
right-hand forefinger. Stimuli response logos were situated to the top left and top
right of the display to act as memory prompts regarding which key was designated
for each category type. These prompts remained on-screen throughout each block of
stimuli. The stimuli were centred on the display, remaining on-screen until the
participant’s response. Stimuli were either black text on a white background (for the
VIATs) or a picture 3.5cm square in size presented on a blue background (for the
PIATs). The stimuli could be broadly categorised as either attribute- or categoryrelated. The attribute-related stimuli were words or pictures that could be categorised
as Pleasant or Unpleasant. The category-type stimuli were words or pictures
associated with the Middle East or Europe. Stimuli were randomly presented and
there were ten exemplars for each stimuli category. The inter-trial interval between
stimuli response and presentation of the next stimulus was 250ms. Figure 5.4
presents an example stimuli presentation sequence for the attribute component
involving two stimuli trials on a verbal IAT (VIAT).
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Figure 5.4. Example presentation sequence for the attribute component of a VIAT.

All IATs are comprised of four main components: attribute-related stimuli
categorisation, category-related stimuli categorisation, congruent stimuli
categorisation and incongruent stimuli categorisation. The first of these components,
attribute-related stimuli categorisation, involved categorisation of just the attribute
stimuli. If the stimuli exemplar was Pleasant it was categorised using the right-hand
key, if the stimuli was Unpleasant it was categorised using the left-hand key. This
step allowed participants to learn the Pleasant and Unpleasant exemplar stimuli.

The second component, category-related stimuli categorisation, was similarly simple,
requiring categorisation of just the category-related stimuli. These stimuli, such as,
Middle Eastern and European country names, were sorted into their respective
categories. If the stimuli exemplar was European it was categorised using the righthand key; if the stimuli was Middle Eastern it was categorised using the left-hand
key. This step allowed participants to learn the categories of stimuli they need sort.
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The remaining two components were more complicated as they required dualcategorisation of both attribute- and category-related stimuli simultaneously. The
third component consisted of congruent stimuli categorisation involving
simultaneous sorting of four sets of stimuli that were presented in congruent
combinations such as European and Pleasant words/pictures versus Middle Eastern
countries and Unpleasant words/pictures. An example of such stimulus organisation
is shown in Figure 5.5a. If, for example the stimuli exemplar was European or
Pleasant it was categorised using the right-hand key; if the stimuli was Middle
Eastern or Unpleasant it was categorised using the left-hand key. The congruent
component is typically deemed relatively easy as the two stimuli that share a
response are more intuitively associated for most participants than is the case for the
incongruent component (Hummert et al., 2002).

The fourth component consisted of incongruent stimuli categorisation involving
simultaneous sorting of four sets of stimuli with incongruent combinations, such as
Middle Eastern countries and Pleasant words/pictures versus European countries and
Unpleasant words/pictures. An example of such stimulus organisation is shown in
Figure 5.5b. If, for example the stimuli exemplar was Middle Eastern or Pleasant it
was categorised using the right-hand key; if the stimuli was European or Unpleasant
it was categorised using the left-hand key.
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a)

b)

Figure 5.5. Screen set-up for the Country PIAT, with a Middle Eastern category
exemplar present in the centre of the display. Panel a) illustrates the congruent
response pairings; panel b) the incongruent response requirements.

These components were arranged into seven steps per IAT as shown in Table 5.1.
Step five was a category-related stimuli categorisation task; however for this task the
required key for categorising the Middle Eastern and European stimuli had been
transposed from what was required in the first task. As such, if the European stimuli
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were formerly categorised using the right hand key, the left hand key was now
required and vice versa for the Middle Eastern stimuli. This was a training step and
prepared participants for the incongruent trials that would follow. Each of the dualcategorisation tasks were completed twice consecutively.

Table 5.1
The Seven Procedural Steps of a Typical Implicit Association Test
Step 1

Learn Attribute Dimension
Unpleasant vs. Pleasant words

Step 2

Learn Category Dimension
Middle East vs. Europe country names

Step 3

Congruent Dual-Categorisation Task *
Unpleasant and Middle East countries vs. Pleasant and European countries

Step 4

Congruent Dual-Categorisation Task *
Unpleasant and Middle East countries vs. Pleasant and European countries

Step 5

Learn Transposed Category Responses
Europe vs. Middle East country names

Step 6

Incongruent Dual-Categorisation Task *
Unpleasant and Europe countries vs. Pleasant and Middle East countries

Step 7

Incongruent Dual-Categorisation Task *
Unpleasant and Europe countries vs. Pleasant and Middle East countries

* Data from these steps are used for data analytic procedures.

For each of the experimental IATs, Steps 1, 2 and 5 consisted of 40 trials. Steps 3, 4,
6 and 7 consisted of 102 trials. Within each component all stimuli were randomly
presented. Congruent and incongruent set presentation was counter-balanced
throughout the sample, such that the presentation order was changed for each
alternate participant. Thus half the participants experienced the congruent trials
before the incongruent (i.e. completed Steps 1-7 in order), while the other half
completed the incongruent trials first (i.e. completed the steps in the order, 1, 5, 6, 7,
2, 3, 4). The procedure outlined was the format for all IATs in this study.
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Six different IATs were used in the present study; one verbal (VIAT) and one
pictorial (PIAT) version of each of three attitude constructs: Flowers-Insects, Racial
attitudes (Europeans versus Arabs) and Country attitudes (Europe versus Middle
East). These IATs are described individually below.

Flower-Insect VIAT.
The Flower-Insect VIAT (Greenwald et al., 1998) was employed as an introduction
to verbal IATs, familiarising participants with the IAT task requirements. As such,
results from this task were not used in further analysis. The attribute stimuli were ten
Pleasant and Unpleasant word stimuli, such as “love” and “hatred”. The category
stimuli were the names of Flowers and Insects (excluding butterflies and spiders),
such as “daisy” and “cockroach”. Full verbal stimuli are listed in Appendix G. As
this IAT was for task familiarisation, the number of trials at each step was reduced
(see Table 5.1), such that steps 1, 2 and 5 consisted of 20 trials and steps 3, 4, 6 and 7
consisted of 40 trials.

Flower-Insect PIAT.
The Flower-Insect PIAT (Thomas et al., 2007) was used as an introductory task to
pictorial IATs, to familiarise participants with Pictorial IAT requirements. Again,
results of this task were not used in further analysis. The attribute-related stimuli
depicted Positive and Negative facial icons or ‘emoticons’ as shown in Figure 5.6
(see also Appendix A). The category related stimuli were images of Flowers and
Insects (excluding butterflies and spiders; see Appendix B). The number of trials at
each step was as for the Flower-Insect VIAT.
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Figure 5.6. Exemplar Pictorial IAT attribute stimuli. A Negative attribute ‘emoticon’
is shown on the left, a Positive attribute ‘emotion’ shown on the right.

Racial VIAT.
The Racial VIAT was first used by Greenwald et al. (1998). This task used the same
attribute word stimuli as the Flower-Insect VIAT. The category stimuli were
typically Middle Eastern and European first names, such as “Habib” and “Lucy”.
There were five female names and five male names for both racial groups. Full
verbal stimuli lists are presented in Appendix G.

Racial PIAT.
The Racial PIAT is similar to the classic verbal task outlined above, except the word
stimuli were replaced by graphical stimuli. The category-related stimuli depicted
faces of Arabic and European people instead of the traditional word name stimuli
(see Figure 5.7). The attribute-related stimuli were the same Positive and Negative
facial icons or ‘emoticons’ used in the Flower-Insect PIAT (see Figure 5.6). There
were four male and four female stimuli for each category group. Full stimuli are
shown in Appendix C for the Arab facial stimuli and Appendix D for the European
facial stimuli.
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Figure 5.7. Exemplar Pictorial IAT category stimuli for the Racial PIAT. The left
picture shows an exemplar Arab category picture, the right shows an exemplar
European category picture.

Country VIAT.
The Country VIAT utilised the same Pleasant and Unpleasant words as the FlowerInsect and Racial VIATs. The category-related stimuli were names of countries
located within the Middle East and Europe, such as “Iraq” and “Italy”. Full stimuli
for the VIATs are listed in Appendix G.

Country PIAT.
The Country PIAT utilised the same attribute stimuli as the Flower-Insect and Racial
PIATs (see Appendix A). However, instead of depicting pictures of people’s faces as
category-related stimuli, the Country PIAT presented pictures of easily recognisable
buildings from Middle Eastern and European countries (such as mosques and
churches). There were eight stimuli for each category. Examples of the Country
PIAT stimuli are shown in Figure 5.8. (See Appendix E for full Middle Eastern
landmark stimuli, Appendix F for the European landmark stimuli).
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Figure 5.8. Exemplar Pictorial IAT category stimuli for the Country PIAT. The left
picture shows an exemplar Middle East category picture, the right shows an
exemplar European category picture.

Affective Priming Tasks (APT; Fazio et al., 1986)
APTs are computer-based programs that require speeded categorisation of Pleasant
and Unpleasant stimuli following the brief presentation of a category-related prime.
Two APTs were developed for the current study and were presented on a standard
computer using the Inquisit software program (Millisecond Software, 1996). The
target words were the Pleasant and Unpleasant attribute stimuli that required
categorisation for the Racial and Country VIATs. The prime stimuli, which act as
distractors, were the same as the Racial and Country VIAT category-related stimuli.
As such, Arabic and European first names were the primes presented for the Racial
APT, and Middle Eastern and European country names formed the prime stimuli set
for the Country APT (see Appendix G).

The presentation sequence for the APTs was as follows. A blank screen appeared for
250ms, followed by a target symbol (a ‘+’) for 500ms to focus the participants’
attention. The screen would then go blank for 50ms, before the prime word (e.g.
country name) appeared for 200ms. The screen then became blank for a further
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50ms, before the target (affective) word stimuli appeared on screen and remained
until a response was given using the appropriate key. Following a response, there
was a 250ms inter-trial interval. The presentation sequence described is presented in
Figure 5.9. The aim of the APTs was to categorise the second word (the attribute
stimuli) as either Pleasant or Unpleasant as fast as possible without being distracted
by the category-related prime. Categorisation of these target words required
participants to press a key with their right hand for a Pleasant stimuli (“L” key) or
with their left hand for Unpleasant stimuli (“A” key). There were 20 practice trials to
train participants in the task, followed by four sets of 82 experimental trials, with a
short rest break between each set of experimental trials. The time in milliseconds
between stimuli presentation and response in the experimental trials provided the
data for analysis.

Figure 5.9. Presentation sequence for the Racial APT.
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Explicit Attitude Questionnaires
Modern Racism Scale (MRS).
The explicit racial measure was the Modern Racism Scale (MRS; McConahay et al.,
1981), which has been used extensively in social psychological research. The MRS
consists of six items that make a statement regarding ‘Black’ people in the USA and
participants rate their level of agreement on a five point scale. The MRS reports
good reliability estimates (McConahay et al., 1981). However, the MRS in its
original form was adjusted so as to be relevant for an Australian estimate of AntiArab prejudice. For instance, one question stated “Many Black people in Louisville
and Jefferson County miss out on jobs or promotions because of racial
discrimination.” This was altered to “Many Arabs living in Australia miss out on
jobs or promotions because of racial discrimination”16. The six racially relevant
items were located within a list of 20 questions that enquired of participants their
opinion on a variety of other socially-sensitive issues: including cannabis use,
suicide, homosexuality and global climate change. Questions 3, 5, 10, 12, 16, and 18
were the racially relevant items. The questionnaire provided to participants was titled
‘Student Opinions’. The précis warned participants that they were about to read some
statements on a variety of issues, some of which they may agree with, others they
may even find offensive. All statements were rated on a five point Likert scale (1Strongly Disagree  5-Strongly Agree). There was a Neutral option. The full
version of this scale is provided in Appendix H.

16

Altering the MRS in this way is certainly not unique. For instance, in one Australian study the
questions were adapted to assess attitudes towards Aboriginal Australians (see Barlow, Louis, &
Terry, 2010).
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Travel Destination Questionnaire.
The other explicit attitude measure was a Travel Destination Questionnaire devised
for the current research. This questionnaire comprised a list of 18 countries (six from
Europe, six from the Middle East and six from Asia). Participants rated on a five
point Likert scale how much they would like to visit each of the destinations (1Definitely Not  5-Definitely Would). The countries were selected from a list of
tourism statistics by country (United Nations, 2009), with the top six most visited
destinations for each area chosen (See Appendix I).

Subjective Measure of Travel Experience.
Participants were also asked to rate how well travelled they felt they were on a five
point Likert scale (0-Not left Tasmania  5-Well travelled; numerous countries,
continents and experiences abroad). This simple measure aimed to allow for the
confounding influence of travel experience on the outcomes of the other measures.
The full measure is shown in Appendix J.

Procedure
Participants completed ten tasks individually at the School of Psychology, in Hobart,
Launceston or North West campuses of the University of Tasmania, Australia.
Participants asked questions or took short break between tests as required. Following
consent procedures (see Appendix K for the Participant Information Sheet and
Appendix L for the Consent Form); demographic data was obtained from the
participant, including age, sex and ethnic identity, and was de-identified following
the testing session. Participants also rated how well travelled they felt they were on
the scale outlined above. Task procedures were explained to each participant.
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Participants first completed the Flower-Insect VIAT and PIAT to gain a practical
understanding and experience with the IAT procedure17. This data was excluded
from all analyses. Following the training tasks, participants were presented with one
of the following measures in a randomised and counterbalanced order: Racial VIAT,
Racial PIAT, Country VIAT, Country PIAT, Racial APT, Country APT, Modern
Racism Scale (MRS), or the Travel Destination Questionnaire (TDQ). Differences in
stimulus presentation and response requirements were explained prior to the
commencement of each task. On completion of the session the implicit associations
underlying the different combinations of stimuli were fully explained to the
participants and they were encouraged to ask any questions or discuss any issues that
were raised during the testing procedure (see Appendix M for the Debrief Script).
The ten tasks were generally completed in between one and a half and two hours.

Data Extraction and Scoring
IAT Scoring Procedure
The data produced by each IAT required substantial transformation using a
procedure outlined below. Participants with any data missing or latencies less than
300ms for more than 10% of an IAT’s trials were excluded (Greenwald et al., 2003).
This resulted in four participants being omitted from all analyses. All practice trials
were then removed (as per Nosek et al., 2006) along with any individual response
latencies greater than 10,000 ms (Greenwald et al., 2003).

17

Practice with the IAT format was important as substantial discrepancies between initial and second
IAT experiences have often been reported. Whereas subsequent IATs typically produce more
comparable reaction times (Greenwald et al., 2003; Greenwald et al., 2009).
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In the original scoring recommendations of Greenwald et al. (1998) the first two
trials of each block were also deleted, which is why the IATs had been developed
with 102 trials per set (with each IAT comprised of four experimental sets). In their
revised scoring protocols deleting the initial trials was no longer the suggested
process (Greenwald et al., 2003). This issue required some consideration, particularly
when contemplating how best to portion the data to accommodate the latent
modelling analytical approach. Though the IAT scoring procedure is designed to
produce one IAT effect score, an individual score is not ideal for SEM, as more than
one score is required to estimate a latent factor. Although technically possible to
create a score using the 204 paired congruent and incongruent reaction times for each
IAT for each participant, the process was likely to be rather cumbersome and
produce highly variable results. For these reasons, it was decided to parcel the IAT
data into four equal parts to provide four sets of IAT scores that would produce the
input data for four indicators. Data parcelling is a statistical process whereby scores
from two or more items are averaged and then the parcelled scores replace the item
scores in the SEM analyses (Bandalos, 2002). In order to parcel the IAT data, it was
preferable for there to be only 100 data points per trial as opposed to 102 data points.
As such, any deleted trials (i.e. those with response latencies above 10,000ms) were
replaced with the response time of the second trial to avoid missing data. Then the
first two trials for all sets were deleted.

Data parcels were created for each participant using the following procedure. Each
participant generated 400 experimental response latencies for one IAT. Of these, 100
were from the first congruent block (congruent 1), 100 from the second congruent
block (congruent 2), 100 from the first incongruent block (incongruent 1), and 100
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from the second incongruent block (incongruent 2). Each of these blocks of 100 trials
were split in four and combined to form four parcels each containing 25 response
latencies from each block. Thus, each parcel contained 25 response latencies from
each of the first congruent, second congruent, first incongruent and second
incongruent blocks. The 25 latencies from each block created one data parcel, from
which an IAT effect score was calculated (using the guidelines described in the next
section). This resulted in four separate IAT effect scores for each participant (an IAT
score A, IAT score B, IAT score C and IAT score D). All the participants IAT score
A’s were collated to provide the input data for one indicator, as were the IAT score
B’s for the second indicator, and so forth. These indicators are referred to as Parcels
1-4 in the models (for example, see Figure 5.1). This process was repeated for each
of the IATs in the present study.

Within each data parcel, total congruent and incongruent scores were devised using
the following revised scoring recommendations (Greenwald et al., 2003). Firstly, the
means of correct latencies were calculated for each block separately. Then two
pooled standard deviations were devised for all trials in congruent 1 and incongruent
1; and congruent 2 and incongruent 2, whereby congruent/incongruent 1 refers to the
first block of congruent or incongruent trials and congruent/incongruent 2, the
second block. Each incorrect latency in the dataset was replaced with the relevant
block mean plus 600ms (a penalty) as per Greenwald et al. (2003). New means were
then calculated for each of the blocks of trials. This process was repeated for all of
the participants for each of the IATs. Table 5.2 presents the combined means and
standard deviations by congruency for the four experimental IATs.
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Table 5.2
Mean Latency and Standard Deviations by Construct Format and Congruency
IAT
Mean
SD
Racial VIAT Congruent
831.65
182.93
Racial VIAT Incongruent
1000.55
250.96
Racial PIAT Congruent
777.72
154.87
Racial PIAT Incongruent
829.88
180.36
Country VIAT Congruent
908.63
207.43
Country VIAT Incongruent
1044.21
251.17
Country PIAT Congruent
801.69
163.38
Country PIAT Incongruent
866.39
188.69
Note. N =198. VIAT=Verbal Implicit Association Test. PIAT=Pictorial Implicit Association Test.

After the congruent and incongruent means had been devised, the IAT effect score
were produced as per Greenwald et al. (2003). The block means enabled two
difference scores to be calculated: incongruent 1 – congruent 1; incongruent 2 –
congruent 2. Each difference score was then divided by its pooled standard deviation.
The resulting two quotients were then averaged. This produced an IAT effect score
for one participant for one of their four data parcels within a single IAT. The process
was then repeated for all the other data parcels and participants, for each of the four
IATs. To clarify, Equation 5.1 depicts the formula used to develop an IAT effect
score for a single data parcel.

MeanRTIncongruent1-MeanRTCongruent1

+

SD (Incongruent1+Congruent1)

MeanRTIncongruent2-MeanRTCongruent2
SD (Incongruent2+Congruent2)

2

. (5.1)
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The IAT scoring formula (see Equation 5.1) is very similar to Cohen’s d (Cohen,
1992) and results in an IAT effect score referred to as a D score that reveals relative
preference for the congruent over the incongruent stimuli pairings (Greenwald et al.,
2003). Larger IAT effect scores are typically interpreted as indicative of greater
negative implicit prejudice (Greenwald et al., 2003). The IAT effect scores provided
the data for analysis.

Affective Priming Task Scoring
To calculate the scores for the APTs, all incorrect trials were deleted (Rydell &
Gawronski, 2009). The data was then parcelled into four sets of data for further
analysis in a very similar fashion to that described for the IAT. This resulted in four
priming scores per participant for each APT. A priming score for an APT comparing
two contrasting categories is calculated using the following formula depicted in
Equation 5.2.
Evaluation: (PY-PX) – (NY-NX)

(5.2)

This index captures the degree to which attitude X relative to Y yields faster
responses for positive than negative targets (Wittenbrink, 2007). For the present
study Y refers to the Middle Eastern stimuli and X refers to the European stimuli, see
Equation 5.3.
Evaluation: (PMiddle East-PEurope) – (NMiddle East-NEurope)

(5.3)

Consequently, higher scores indicate that the European stimuli yielded more positive
automatic evaluations than the Middle Eastern stimuli.
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Explicit Questionnaire Scoring
The relevant questions for the MRS within the “Student Opinions” questionnaire
were three, five, 10, 12, 16 and 18. Of these, questions 10, 16 and 18 were reverse
scored. A maximum of five points was able to be allocated to each question, with
greater scores indicating stronger expressed anti-Arab sentiment. The raw scores of
the relevant items provided the input data for further analysis.

To score the TDQ, the raw responses for the European, Middle Eastern and Asian
countries were tallied separately. This resulted in three scores out of 30 for each
participant. Higher scores indicated a higher stated desire for visiting that location.

Statistical Analyses
The factor analytic strategies applied in the current study were Exploratory Factor
Analysis (EFA; Spearman, 1904) and Confirmatory Factor Analysis (CFA; Jöreskog,
1969).

Exploratory Factor Analysis (EFA)
EFA (Spearman, 1904) differs from CFA in that no specifications regarding what is
expected for the model are required. Rather, EFA is an exploratory technique used to
establish basic concepts or to simplify existing methods by reducing the number of
items required to evaluate each construct (Saltin & Strand, 1995). EFA was applied
in the current study to determine which questionnaire items provided an adequate
measure of the latent construct and whether any questions should be meaningfully
grouped together (i.e. parcelled). Two EFAs with maximum likelihood estimation
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and oblimin rotation18 were completed in SPSS (PASW version 18). Loadings were
considered substantive if greater than .37, based on the alternative formula provided
by Norman and Streiner (1994, p. 139) for estimating minimum loadings in EFA
with sample sizes over 100 (see Formula 5.4).

Minimum Factor Loading = 5.152/ [SQRT (N-2)]

(5.4)

Confirmatory Factor Analysis (CFA; Jöreskog, 1969)
The CFAs applied the maximum likelihood estimation procedure (MLM) and were
performed using Mplus, version 6.1 (Muthén & Muthén, 2010). Minimum factor
loadings of .32 were indicative of meaningful relationships within the CFA models,
in accordance with Gorsuch (1983).

Assessing Model Fit
An evaluation of how well each model fit the input data was determined by the
goodness-of-fit indices derived from the Mplus program. Mplus calculates the chisquare likelihood ratio test statistic (χ2),but this statistic is affected substantially by
sample size, with almost any model routinely rejected when the sample size is large
(Brown, 2006). In view of this, the approximate fit indices provided by Mplus were
used: the root-mean-square error of approximation (RMSEA), the standardised root
mean square residual (SRMS), and the comparative fit index (CFI). Hu and Bentler
(1999) suggest that RMSEA values close to .06 or below be taken as good fit.

18

Factor rotation can enhance interpretability of EFA solutions without changing the underlying
mathematical properties of the solution (Tabachnick & Fidell, 2001). Oblimin factor rotation is one
such rotation strategy that allows for inter-correlations between factors (Brown, 2006).

160
However, Browne and Cudeck (1993) put forth that RMSEA values ranging between
.06 and .08 could be inferred as moderate fit, and .08 to .10 as marginal fit. Hu and
Bentler (1999) suggest SRMR values are close to .08 or less be taken as indication of
good fit. CFI values close to .95 or above are indicative of good model-data fit (T. A.
Brown, 2006), with acceptable fit determined with values above .90.

Results
Exploratory Factor Analysis for the Modern Racism Scale
An EFA with oblimin rotation was performed on the relevant questions of the MRS.
The results verified good model fit: χ2 (9, N=198)=47.88, p<.001. Table 5.3 depicts
the factor loadings for the one-factor solution using a ML extraction.

Table 5.3
Factor Loadings for the One-Factor Solution for the Modern Racism Scale
MRS Questions
MRSQ3
MRSQ5
MRSQ10r
MRSQ12
MRSQ16r
MRSQ18r

Factor Loading
.63
.64
-.32
.77
.09
.25

Note. N=198. MRS=Modern Racism Scale.

As evident in Table 5.3, only questions three, five and 12 produced factor loadings
greater than .37 (Norman & Streiner, 1994; .63, .64 and .77). As such, only data from
these three questions were included in the analyses. The raw data for questions three,
five and 12 formed the indicators for the latent explicit racial attitude construct.
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Exploratory Factor Analysis for the Travel Destination Questionnaire
Travel Destination Questionnaire (TDQ) data were subjected to a three-factor EFA
with oblimin rotation, using ML extraction. Table 5.4 shows the resulting factor
loadings.

Table 5.4
Factor loadings for the Three-Factor EFA of the Travel Destination Questionnaire
Factor 1
Middle East
TDQ1 Indonesia
TDQ2 Syria
TDQ3 Poland
TDQ4 Italy
TDQ5 Saudi Arabia
TDQ6 Thailand
TDQ7 Malaysia
TDQ8 Israel
TDQ9 France
TDQ10 China
TDQ11 UK
TDQ12 Jordan
TDQ13 Spain
TDQ14 Singapore
TDQ15 United Arab Emirates
TDQ16 Hungary
TDQ17 Lebanon
TDQ18 Japan

Factor 2
Europe

Factor 3
Asia
-.60

.70
.50
.68
.78
-.82
-.84
.67
.77
-.33
.54
.73
.67
-.49
.65
.51
.79
.40

Note. N=198. TDQ=Travel Destination Questionnaire.

As evident in Table 5.4, all countries loaded onto their appropriate factors (with the
exception of Japan that loaded highest on the Middle Eastern factor). The Asian
countries were presented as distracters and were not included in any analyses. All
Middle Eastern and European countries loaded strongly onto their appropriate factor
(factor loadings ranging from .50-.79). Data from all twelve of these countries were
thus included in subsequent analyses.
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The twelve TDQ items were parcelled into two groups of European and Middle
Eastern countries, roughly matched for destination popularity. A list of most popular
tourist destinations (United Nations, 2009) was used to separate the countries as
follows. Firstly, the most popular tourist destinations from Europe and the Middle
East, (namely France and Saudi Arabia) were placed into Parcel 1, the second most
popular locations (Spain and Israel) were placed into Parcel 2, the third were added
to Parcel 1 and so on down the list. Parcel 1 thus consisted of the first, third and fifth
most travelled to destinations in Europe and the Middle East19, Parcel 2 contained
data from the second, fourth and sixth destinations20. Means and standard deviations
for the TDQ for each country and regional group are presented in Table 5.5. Overall,
respondents stated that they ‘probably would’ like to visit the European countries
(average rating about 4), whereas respondents appeared more diffident about visiting
the Middle Eastern countries, stating they ‘maybe’ or ‘probably would not’ like to
visit (average rating between 2 and 3; See Table 5.5).

19
20

Namely: France, Italy, Poland, Saudi Arabia, United Arab Emirates and Syria.
Namely: Spain, United Kingdom, Hungary, Israel, Jordan and Lebanon.
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Table 5.5
Means and Standard Deviations of TDQ responses by Country and Group
Mean
TDQ9 France
TDQ4 Italy
TDQ3 Poland
TDQ5 Saudi Arabia
TDQ15 United Arab Emirates
TDQ2 Syria
Europe 1,3,5
Middle East 1,3,5

4.37
4.44
3.44
2.79
2.94
2.66
4.09
2.80

Standard
Deviation
.89
.82
.99
1.12
1.20
.97
.72
.94

TDQ13 Spain
TDQ11 UK
TDQ16 Hungary
TDQ8 Israel
TDQ12 Jordan
TDQ17 Lebanon
Europe 2,4,6
Middle East 2,4,6

4.16
4.30
3.17
2.67
2.75
2.48
3.88
2.63

.97
1.00
1.06
1.23
1.13
1.03
.76
.94

TDQ scores for each data parcel were determined for Parcel 1 by calculating the
mean of each participants’ responses for the first, third and fifth most popular Middle
Eastern countries (i.e. Saudi Arabia, United Arab Emirates and Syria) and
subtracting that from the mean of the responses for the first, third and fifth most
popular European countries (i.e. France, Italy and Poland). The resulting score was
then divided by the pooled standard deviation of all participants’ results for those six
countries (1.01). The formula for Parcel 1 is presented in Equation 5.5.

Mean “Euro 1, 3, 5” – Mean “ME 1, 3, 5”
Pooled SD (1.01)

(5.5)
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This formula was also applied to the countries in Parcel 2 (which were the second,
fourth and sixth most popular countries in the Middle East and Europe). The pooled
standard deviation of responses for these countries was 1.07. These two parcels of
data were used for further analyses.

The mean and standard deviations for each of the data parcels for all of the tasks in
the present study are offered in Table 5.6.
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Table 5.6
Mean and Standard Deviations for all Data Parcels for each Experimental Measure
Task

Mean

SD

Racial VIAT1
Racial VIAT2
Racial VIAT3
Racial VIAT4
Racial PIAT1
Racial PIAT2
Racial PIAT3
Racial PIAT4
Country VIAT1
Country VIAT2
Country VIAT3
Country VIAT4
Country PIAT1
Country PIAT2
Country PIAT3
Country PIAT4
Racial APT1
Racial APT2
Racial APT3
Racial APT4
Country APT1
Country APT2
Country APT3
Country APT4
Modern Racism Scale Q3
Modern Racism Scale Q5
Modern Racism Scale Q12
Travel Destination QnParcel1
Travel Destination Qn Parcel2
Travel Experience

.45
.42
.39
.33
.22
.15
.15
.12
.32
.29
.28
.26
.24
.18
.16
.17
-1.54
7.02
9.60
8.71
3.69
25.50
21.77
9.91
1.65
1.84
2.57
1.28
1.16
3.08

.33
.34
.36
.34
.38
.37
.34
.36
.39
.35
.33
.35
.36
.40
.39
.35
136.62
128.41
124.98
141.76
127.96
142.46
156.34
144.05
.85
.92
1.08
1.01
.93
1.15
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Internal Consistency and Internal Convergent Validity Results for the Implicit
Attitude Measures
The results of the Composite reliability (CR) and Average Variance Extracted (AVE)
analyses are depicted in Table 5.7. It is noted that the Heywood case was removed
for the Country Priming estimate because it was confounding the data.

Table 5.7
Internal Consistency and Internal Convergent Validity of the IATs and APTs

Racial VIAT
Country VIAT
Racial PIAT
Country PIAT

Composite
Reliability
.76
.76
.76
.77

Racial APT
.16
Country APT*
.06
* Estimated following the removal of a Heywood case.

Average Variance
Extracted
.44
.44
.45
.46
.07
.02

As is evident in Table 5.7, the IATs all demonstrated good internal consistency, with
CR estimates well above .70 (see Hair et al., 2006). However, the internal convergent
validity evidence failed to meet the required benchmark of .50 (see Hair et al., 2006)
revealing a greater amount of error variance than trait variance was present in the
IAT effect scores. Specifically random error variance appears to account for 55% of
the IAT effect scores. The priming tasks demonstrated reliability estimates that were
nowhere near adequate. The internal consistency estimates were well under .70 and
the internal convergent validity estimates were almost negligible. The AVE results
imply that on average around 95% of the APT scores are attributable to random error
variance. Given that there was also a Heywood case in the APT data, the CR and
AVE results do not support the reliability of the priming measures.
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Internal Construct Validity Results for the Implicit Attitude Measures
Confirmatory Factor Analysis (CFA) was applied to assess the internal construct
validity of each implicit attitude measure using the specified model illustrated in
Figure 5.1. It is noted that each indicator is comprised of parcelled data.

Results for the Internal Construct Validity of the Racial VIAT
The goodness-of-fit indices for the CFA model of the Racial VIAT were: χ2 (2,
N=198)=5.12, p=.08; CFI=.982; RMSEA=.089; SRMR=.027. This result indicated
acceptable model fit, as three of the four fit indices showed good fit and the RMSEA
demonstrated marginal fit. Correlations between indicators for the CFA model are
presented in Table 5.8. The standardised factor loadings (STDYX) for each of the
variables and residuals for the Racial VIAT are presented in Figure 5.10.

Table 5.8
Inter-indicator Correlations for the CFA Model of the Racial VIAT

VIAT1R
VIAT2R
VIAT3R
VIAT4R

VIAT1R
1.000
.427
.476
.457

VIAT2R

VIAT3R

VIAT4R

1.000
.463
.290

1.000
.495

1.000
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.68*
.58*

Racial
VIAT

VIAT1R

.54*

ε1

VIAT2R

.66*

ε2

VIAT3R

.43*

ε3

VIAT4R

.60*

ε4

.75*
.63*

Figure 5.10. CFA model of the Racial VIAT. *p<.001.

For the Racial VIAT all of the indicator parcels loaded significantly onto the latent
factor, with high factor loadings well above .32 (factor loadings ranging from .58 to
.75; see Figure 5.10). High factor loadings indicate each of the data parcels loaded
substantively onto the latent implicit racial attitude factor. High and significant error
variances were also evident (variances ranging from .43-.66). This provides further
evidence of substantial amounts of random error variance in the IAT effect scores.

Results for the Internal Construct Validity of the Racial PIAT
The goodness-of-fit indices for the CFA model of the Racial PIAT were: χ2 (2,
N=198)=5.88, p=.05; CFI=.980; RMSEA=.099; SRMR=.027. This result indicates
acceptable model fit, because three of the four fit indices demonstrated good fit and
the RMSEA indicated marginal fit. Inter-indicator correlations for the CFA model
are presented in Table 5.9. Figure 5.11 presents the standardised factor loadings
(STDYX) for each of the variables and residuals for the Racial PIAT.
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Table 5.9
Inter-indicator Correlations for the CFA Model of the Racial PIAT

PIAT1R
PIAT2R
PIAT3R
PIAT4R

PIAT1R
1.000
.543
.367
.363

PIAT2R

PIAT3R

PIAT4R

1.000
.449
.487

1.000
.456

1.000

PIAT1R

.58*

ε1

PIAT2R

.38*

ε2

PIAT3R

.64*

ε3

PIAT4R

.60*

ε4

.65*

Racial
PIAT

.79*
.60*
.63*

Figure 5.11. CFA model of the Racial PIAT. *p<.001.

For the Racial PIAT all of the indicators loaded significantly onto the latent factor
and presented substantial factor loadings (again well above .32, ranging from .60 to
.79; see Figure 5.11). This means each of the PIAT data parcels loaded highly on the
latent implicit racial attitude factor. Error variances were also quite high for this task
(ranging from .38-.64) implying significant portions of random error variance were
present within the IAT effect scores.
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Results for the Internal Construct Validity of the Country VIAT
The goodness-of-fit indices for the CFA model of the Country VIAT were: χ2 (2,
N=198)=3.73, p=.16; CFI=.989; RMSEA=.066; SRMR=.022. This result also
showed acceptable model fit, because three of the four fit indices demonstrated good
fit and the RMSEA indicated a moderate level of fit. Inter-indicator correlations for
the CFA model are presented in Table 5.10. Figure 5.12 presents the standardised
factor loadings (STDYX) for the Country VIAT.

Table 5.10
Inter-indicator Correlations for the CFA Model of the Country VIAT

VIAT1C
VIAT2C
VIAT3C
VIAT4C

VIAT1C
1.000
.438
.444
.449

VIAT2C

VIAT3C

VIAT4C

1.000
.527
.410

1.000
.381

1.000

VIAT1C

.57*

ε1

.65*

Country
VIAT

.71*

VIAT2C

.50*

ε2

VIAT3C

.51*

ε3

VIAT4C

.64*

ε4

.70*
.60*

Figure 5.12. CFA model of the Country VIAT. *p<.001.
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For the Country VIAT all of the indicators loaded significantly onto the latent factor
and presented substantial factor loadings (again well above .32, ranging from .60 to
.71; see Figure 5.12). Again the error variances were also found to be large and
significant (ranging from .50-.64).

Results for the Internal Construct Validity of the Country PIAT
The goodness-of-fit indices for the CFA model of the Country PIAT were: χ2 (2,
N=198)=.13, p=.94; CFI=1.000; RMSEA=.000; SRMR=.004. All four of the fit
indices showed good model fit. Inter-indicator correlations for the CFA model are
presented in Table 5.11. Figure 5.13 presents the standardised factor loadings
(STDYX) for the Country PIAT.

Table 5.11
Inter-indicator Correlations for the CFA Model of the Country PIAT

PIAT1C
PIAT2C
PIAT3C
PIAT4C

PIAT1C
1.000
.528
.449
.381

PIAT2C

PIAT3C

PIAT4C

1.000
.514
.453

1.000
.396

1.000

.39*

ε1

.55*

ε2

PIAT3C

.56*

ε3

PIAT4C

.66*

ε4

PIAT1C
.67*

Country
PIAT

.78*

PIAT2C

.67*
.58*

Figure 5.13. CFA model of the Country PIAT. *p<.001.
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As can be seen in Figure 5.13, all the indicators loaded significantly onto the latent
factor with substantial factor loadings (factor loadings ranging from .58 to .78). The
error variances again were substantial and significant (ranging from .39-.66).

Results for the Internal Construct Validity of the Racial APT
Goodness-of-fit indices for the CFA model of the racial priming task were as
follows: χ2 (2, N=198)=.55, p=.76; CFI=1.000; RMSEA<.001; SRMR=.021. All four
of the fit indices indicated good fit. Inter-indicator correlations for the CFA model
are presented in Table 5.12. In contrast to the fit indices, the standardised factor
loadings (STDYX; Figure 5.14) for the Racial APT showed minimal and nonsignificant parameter estimates for the indicators onto the latent factor (loadings
ranging between .01 and .21). The only substantial factor loading loaded in an
unexpected direction (see the negative factor loading of PR4; Figure 5.14). However,
the error variances are mostly significant and very substantial (ranging between .80
and 1.00). These findings demonstrate inadequate support for the internal construct
validity of the Racial APT.

Table 5.12
Inter-indicator Correlations for the CFA Model of the Racial APT

PR1
PR2
PR3
PR4

PR1
1.000
.041
-.067
-.006

PR2

PR3

PR4

1.000
.035
-.094

1.000
-.074

1.000
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.01

Racial
APT

.21

PR1

1.00*

ε1

PR2

.95*

ε2

.97*

ε3

.80

ε4

.16
-.44

PR3
PR4

Figure 5.14. CFA of the racial priming task. *p<.001.

Results for the Internal Construct Validity of the Country APT
The goodness-of-fit indices for the CFA model of the country priming task are as
follows: χ2 (2, N=198)=.26, p=.88; CFI=1.000; RMSEA=.000; SRMR=.023. Again
all four of the fit indices signify good fit. Inter-indicator correlations for the CFA
model are presented in Table 5.13. In Figure 5.15, it is evident the standardised
factor loadings (STDYX) for the Country APT provide evidence against the internal
construct validity of this measure, with minimal and non-significant parameter
estimates for the indicators onto the latent factor found. This analysis resulted in an
improper solution, or Heywood case. This is evident in the second data parcel
whereby a parameter estimate with an out-of-range value (PC2; 1.10) and a negative
indicator error variance (-.20) are visible (see Figure 5.15). Results such as these
reveal the data is not fitting well with the model. For the Country APT, the error
variances are again substantial and significant (.98, p<.001 for the non-out-of-range
variances). These results reveal inadequate support for the Country APT’s internal
construct validity.
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Table 5.13
Inter-indicator Correlations for the CFA Model of the Country APT
PC1
1.000
.135
-.034
.006

PC1
PC2
PC3
PC4

.13
1.10

Country
APT

PC2

PC3

PC4

1.000
.169
-.161

1.000
-.087

1.000

PC1

.98*

ε1

PC2

-.20

ε2

PC3

.98*

ε3

.98*

ε4

.15
-.15

PC4

Figure 5.15. CFA of the country priming task. *p<.001.

Retesting of APT Results with Reparcelled Data
To ensure the APT results were not caused simply by a random parcelling effect, the
priming task dataset was completely reparcelled into eight new data sets. Priming
task scores were then recalculated using these new data parcels and the CFA models
were re-tested.
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Internal Construct Validity Results for the Reparcelled Racial Priming Data.
The CFA for the reparcelled racial priming task data still showed good model fit, χ2
(20, N=198)=18.72, p=.54; CFI=1.000; RMSEA=.000; SRMR=.080. Inter-indicator
correlations for the CFA model are presented in Table 5.14. Yet the highly variable
factor loadings were predominantly small and non-significant (see Figure 5.16).
Interestingly, the sixth data parcel (PR6) loaded strongly in the opposite direction to
that expected (β=-.71, p<.05). Random error variance continued to account for the
majority of the priming score.

Table 5.14
Inter-indicator Correlations for the CFA Model of the Reparcelled Racial APT Data

PR1
PR2
PR3
PR4
PR5
PR6
PR7
PR8

PR1
1.000
-.018
.069
-.037
.116
-.098
.038
.093

PR2

PR3

PR4

PR5

PR6

PR7

PR8

1.000
-.136
.135
.018
-.196
-.203
.106

1.000
-.285
-.152
-.087
-.022
.134

1.000
.198
.065
-.087
-.136

1.000
-.101
-.103
.044

1.000
.171
-.267

1.000
-.031

1.000
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.98*

ε1

.93*

ε2

PR3

.99*

ε3

PR4

.99*

ε4

PR5

.98*

ε5

.49*

ε6

.94*

ε7

.85*

ε8

PR1
.14

PR2

.27
.12
-.08

Racial
APT

.13
-.71*
-.24
.38

PR6
PR7
PR8

Figure 5.16. CFA of reparcelled racial priming data. *p<.001.

Internal Construct Validity Results for the Reparcelled Country Priming Data.
The reparcelled data for the Country APT would not converge. As such, no
goodness-of-fit indices were able to be calculated and the estimated factor loadings
cannot be presented. Non-convergence can be an indicator of unstable data (Brown,
2006). The Country APT was thus deemed to possess unsatisfactory levels of internal
construct validity.

Because neither APT showed adequate internal construct validity even after
reparcelling, all priming task data were excluded from further analyses.
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Convergent and Discriminant Validity Results for the IAT using Three-factor
Single-group CFA
The third aim of the present study was to assess the convergent and discriminant
validity of the IATs using CFA. The Racial and Country attitude constructs were
examined separately. Strong convergence between IATs was expected and the interimplicit correlations were hypothesised to be significantly greater than the implicitexplicit correlations. The priming tasks were excluded from these analyses due to
their lack of internal consistency and construct validity.

Convergent and Discriminant Validity Results for the Racial Attitude Construct
The goodness-of-fit indices for the racial attitude construct three-factor CFA model
indicated good model fit: χ2 (41, N=198)=42.77, p=.40; CFI=.997; RMSEA=.015;
SRMR=.041. Inter-indicator correlations for the CFA model are depicted in Table
5.15. The standardised factor loadings (STDYX) for the three-factor CFA for the
racial attitude construct are presented in Figure 5.17.

Table 5.15
Inter-indicator Correlations for the 3-Factor CFA Model of the Racial Attitude Data
VIAT
2R

VIAT1R

VIAT
1R
1.000

VIAT
3R

VIAT
4R

PIAT
1R

PIAT
2R

PIAT
3R

PIAT
4R

MRS
Q3

MRS
Q5

VIAT2R

.427

1.000

VIAT3R

.476

.463

1.000

VIAT4R

.457

.290

.495

1.000

PIAT1R

.310

.262

.316

.308

1.000

PIAT2R

.346

.278

.295

.318

.543

1.000

PIAT3R

.127

.106

.200

.284

.367

.449

1.000

PIAT4R

.141

.141

.213

.275

.363

.487

.456

1.000

MRSQ3

.091

.136

.063

.056

.060

.043

-.004

.031

1.000

MRSQ5

.116

.046

.111

.131

.145

.194

.200

.142

.446

1.000

MRSQ12

.138

.127

.124

.143

.125

.153

.141

.090

.478

.483

MRS
Q12

1.000
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.68*

Verbal
IAT

.58*

VIAT1

.54*

ε1

VIAT2

.67*

ε2

.46*

ε3

VIAT4

.57*

ε4

PIAT1

.56*

ε5

PIAT2

.36*

ε6

PIAT3

.66*

ε7

PIAT4

.63*

ε8

MRS3

.58*

ε9

.54*

ε10

.47*

ε11

.73*
.65*

VIAT3

.57*
.67*

Pictorial
IAT

.24*

.80*
.58*
.61*

.25*

Modern
Racism
Scale

.65*
.68*

MRS5

.73*

MRS12

Figure 5.17. CFA of tasks assessing the racial attitude construct. *p<.001.

The model presented in Figure 5.17 supports the convergent validity of the IATs,
with a strong positive inter-implicit correlation demonstrated. As hypothesised, the
correlation between the VIAT and PIAT (r=.57) was significantly greater than the
correlation between either of these implicit measures and the Modern Racism Scale
(r=.24, 𝓏=3.98, p<.001 for the VIAT-MRS correlation; and r=.25, 𝓏=3.87, p<.001
for the PIAT-MRS correlation). These results support the discriminant validity of the
IATs and questionnaire measures.
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Convergent and Discriminant Validity Results for the Country Attitude Construct
For the country attitude construct, the goodness-of-fit indices for the three-factor
CFA model were as follows: χ2 (60, N=198)=56.92, p=.59; CFI=1.000; RMSEA
>.001; SRMR=.033. All four of the fit indices indicate this model also replicated the
variances and covariances of the input data very well. Inter-indicator correlations for
the CFA model are depicted in Table 5.16. Figure 5.18 presents the standardised
factor loadings (STDYX) for the three-factor CFA for the country attitude construct.

Table 5.16
Inter-indicator Correlations for the 3-Factor CFA Model of the Country Attitude Data
VIAT
2C

VIAT1C

VIAT
1C
1.000

VIAT
3C

VIAT
4C

PIAT
1C

PIAT
2C

PIAT
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PIAT
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TDQ
1

VIAT2C
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1.000
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.527

1.000

VIAT4C
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1.000

PIAT1C
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1.000
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2

1.000
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Figure 5.18. CFA of tasks assessing the country attitude construct. *p<.001.

The results depicted in Figure 5.18 show a strong positive correlation between the
latent IAT measures, indicating support for the convergent validity of the VIAT and
PIAT within the country attitude construct. The correlations between the VIAT and
the PIAT were stronger (r=.53) than between either of these tasks and the explicit
Travel Destination Questionnaire (TDQ; r=.40, r=.38 respectively). However the
discrepancy between these correlations was not significant (𝓏=1.64, p=.10, 𝓏=1.88,
p=.06), due to the TDQ loading reasonably highly on the implicit latent factor.
Although the TDQ loaded more highly on the implicit latent factor than the MRS, a
comparison of the two explicit attitude measures revealed a non-significant
discrepancy (greatest difference: 𝓏=1.77, p=.08).
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Convergent and Discriminant Validity Results for the IAT using Higher-Order
CFA
To assess the level of shared variance between the latent attitude factors the higherorder structure of the CFA measurement models of Figure 5.3 were examined. It was
hypothesised the VIAT, PIAT and, to a lesser degree, the explicit attitude measure
would all load positively onto the second-order implicit attitude factor.

Higher-order CFA Results for the Racial Attitude Construct
For the racial attitude construct, the goodness-of-fit indices for the higher-order CFA
model were as follows: χ2 (41, N=198)=42.77, p=.40; CFI=.997; RMSEA=.015;
SRMR=.041. All four of the fit indices revealed the model shows good to excellent
fit. This was expected as assessing the higher-order factor structure does not alter the
fit indices of the first-order model. The correlational matrix is identical to that
presented in Table 5.15. Figure 5.19 presents the standardised factor loadings
(STDYX) for the higher-order CFA for the racial attitude construct.
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Figure 5.19. Higher-order CFA of the racial attitude construct. ^ p<.05, *p<.001.

The higher-order CFA model revealed strong support for the convergent validity of
the VIAT with the PIAT for the racial attitude construct. The latent factors
representing both of these tasks loaded strongly (and comparably) onto the higherorder implicit racial attitude factor (β=.74 and β=.77 respectively; see Figure 5.19).
The explicit Modern Racism Scale also loaded significantly onto the same higher
factor, with a moderate factor loading of β=.32. This implies that all three tasks were
measuring a similar underlying attitude. Further, the average of the two parameter
estimates for the IATs onto the higher-order factor were found to be significantly
greater than the equivalent factor loading for the explicit questionnaire (𝓏=6.11,
p<.001), supporting the discriminant validity of these measurement types.

ε11
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Higher-order CFA Results for the Country Attitude Construct
For the country attitude construct, the goodness-of-fit indices for the higher-order
CFA model were again consistent with the three-factor CFA model indices: χ2 (60,
N=198) =56.92, p=.59; CFI=1.000; RMSEA<.001; SRMR=.033. The correlational
matrix was depicted in Table 5.16. Figure 5.20 depicts the standardised factor
loadings (STDYX) for the higher-order CFA for the country attitude construct.
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Figure 5.20. Higher-order CFA of the county attitude construct. ^p<.05, *p<.001.
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The higher-order CFA model provided strong support for the convergent validity of
the VIAT with the PIAT for the country attitude construct. The latent factors
representing both of these tasks again loaded strongly (and comparably) onto the
higher-order implicit attitude factor (β=.74 and β=.72 respectively; see Figure 5.20).
The explicit Travel Destination Questionnaire was also found to load significantly
and quite strongly onto the higher-order factor (β=.54). This implies all three tasks
were measuring a very similar underlying attitude. The average of the two factor
loadings for the IATs were again found to be significantly greater than the factor
loading for the explicit questionnaire on the higher-order factor (𝓏=3.00, p=.002).
This supports the discriminant validity of the implicit and explicit attitude measures.

Discussion
The overall aim of the present study was to estimate the reliability and construct
validity of the IAT and APT using a structural equation modelling approach. Such an
approach is novel for evaluating implicit attitude measures and it confirmed the
hypothesis of significant random error variance in implicit attitudinal scores. The
results of the four aims covered in the current study are discussed in this section. The
somewhat mixed support for the implicit attitude measurement techniques are
presented, with the IATs showing reasonable reliability and construct validity
following the removal of random error, whilst the APTs fell well short of such
standards. Support for the comparability of the VIAT and PIAT was also
demonstrated. Implications of these results are discussed in the following sections.
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Internal Consistency and Internal Convergent Validity of Implicit Attitude
Measures
The first aim of the present study was to estimate the reliability of the implicit
attitude measures (VIAT, PIAT and APT) using Composite Reliability (CR) and
Average Variance Extracted (AVE).

Verbal and Pictorial Implicit Association Tests
The present results showed that the VIATs and PIATs all possessed satisfactory
internal consistency estimates following the removal of error variance. This implies
that the IATs are consistently measuring a construct. However, the AVE results
showed that less than half of the IAT effect scores were attributable to trait variance,
thereby indicating inadequate internal convergent validity. These results suggest
random error variance comprises about 55% of the IAT effect scores, which
highlights the importance of accounting for random error when analysing IAT data.

Affective Priming Tasks
Composite reliability findings for the APTs revealed minimal consistency in the APT
scores. The AVE results indicated that over 90% of the APT scores were attributable
to random error variance. These results provide serious concerns for the use of APTs
given they indicate the priming tasks are barely measuring the construct of interest,
capturing random error variance instead. The CR and AVE results thus imply that the
APTs are grossly inadequate and inconsistent implicit attitudinal measures.
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Summary
Whilst both types of IAT were found to be internally consistent following the
removal of random error, this was not the case for the APTs. Further, the IATs were
only marginally below adequate internal convergent validity, but the APTs did not
come close to meeting this criterion. These results demonstrate evidence of
significant portions of random error in implicit attitude measures. However, when
this error is accounted for the IAT has potential for use as a stable attitudinal
measure, whereas the APTs appear very unreliable.

Internal Construct Validity of the Implicit Attitude Measures
The second aim was to investigate the internal construct validity of the IAT and APT
using single-group CFA.

Implicit Association Tests
The CFA latent models (presented in Figures 5.10-5.13) were found to suitably
replicate the variances and covariances present in the IAT data. Factor loadings of
the indicators onto the latent attitude factors were all found to be high and significant
for each of the tasks. This suggests the VIATs and PIATs provided stable
measurement of the attitude construct they purport to assess, delivering considerable
support for the internal construct validity of the IATs following the removal of
random error variance. Evidence of high and significant error variances for each IAT
further supports the argument of high error variance in IAT effect scores.
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Affective Priming Tasks
The CFA results for both APTs depicted minimal and non-significant factor loadings
for the indicators onto the latent attitude factors. This means the APT scores were not
assessing adequately (or even at all) the latent construct of implicit attitudes. In
contrast, the error variances were extraordinarily high and significant throughout
both APTs, revealing that around 95% of the priming score could be attributed to
error variance. Results such as these do not bode well for the internal construct
validity of the APT. Even re-parcelling both data sets did nothing to remedy this;
however it did result in one model failing to converge. An improper solution could
have been caused by a structurally misspecified model, sampling fluctuations or
inconsistencies within the input data (Brown, 2006). Such inconsistencies may be
indicative of an inadequate measurement technique.

Summary
Significant amounts of random error variance were evidenced for all implicit
attitudinal measures. Once error variance was accounted for, all IATs were found to
possess good internal construct validity using single-group CFA, whereas the APTs
were found to barely tap implicit attitudes at all. Such contrasting findings imply that
the VIAT and PIAT can both provide an adequate measure of implicit latent attitudes
once random measurement error has been appropriately managed. In direct contrast,
the APTs have been revealed to lack reliability or validity; APTs were thus deemed
inadequate measures of implicit attitudes and were excluded from all further
analyses.
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Convergent and Discriminant Validity of IATs using Single-group CFA
The third aim of this study was to evaluate the convergent and discriminant validity
of the VIAT and PIAT using CFA measurement models. The convergent validity of
the two formats of the IAT was strongly supported by the specified CFA models,
with a strong inter-implicit correlation between the latent factors (see Figures 5.17
and 5.18). This is the first psychometric support for the construct validity of a fully
pictorial version of the IAT. Discriminant validity of the implicit and explicit attitude
measures was also evidenced as the inter-implicit correlations between the VIAT and
PIAT were significantly greater than the implicit-explicit correlations for both
attitude constructs. Such a finding supports the theoretical view that implicit and
explicit attitudes are distinct constructs (Nosek & Smyth, 2007).

Summary
The expected convergent and discriminant validity evidence for the implicit and
explicit latent attitude factors were provided by the single-group CFAs.

Convergent and Discriminant Validity of IATs using Higher-order CFA
The fourth aim of the current study was to determine how well each task assessed a
latent second-order implicit attitude factor, whilst gaining added convergent and
discriminant validity evidence through the use of higher-order CFA. The results
presented in Figures 5.19 and 5.20 showed the factor loadings between the first-order
implicit latent constructs (representing the VIAT and PIAT) and the second-order
latent construct (of implicit attitude) were substantial, significant and very
comparable (between =.72 and =.77). These results imply neither the VIAT nor
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PIAT provided a better estimate of the implicit attitude construct; rather the tasks
were incredibly similar in their ability to tap substantial quantities of the same
underlying attitudinal construct. Further, the explicit attitude measures also loaded
positively onto the higher-order attitude factor for both attitude constructs. This
suggests both the implicit and explicit attitude measures were accessing very similar
underlying attitudes. However, the fact that the explicit attitude measures loaded
much less highly than the implicit attitude measures endorsed the discriminant
validity of the implicit and explicit techniques. This finding also supports the current
theoretically proposed distinction between implicit and explicit attitudes (see Chapter
One; Cunningham, Nezlek, et al., 2004; Cunningham et al., 2001; Gawronski &
Bodenhausen, 2006; Haeffel et al., 2007; Wilson et al., 2000).

Summary
Findings from the higher-order CFA analyses revealed strong convergent validity for
the VIAT and PIAT methodologies. The IATs were shown to provide a good
measure of the underlying implicit attitude factor, more so than the explicit attitude
measures. These findings further support the argument that implicit and explicit
attitudes should be more usefully partitioned as distinct, albeit similar, constructs.

Inconsistent Psychometric Findings for Implicit Attitudinal Measures
The implicit attitudinal measures were found to possess a significant amount of
random error variance that comprised more than half of the observed scores. Such a
finding emphasises the importance of accounting for error variance using latent
modelling analytical approaches. Following the application of CFA there was
inconsistent psychometric support for the implicit attitude measures. Specifically,
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whilst the psychometric properties of both IAT formats improved following removal
of random error variance, the APT scores were left with little substance remaining.
This was an unexpected finding, the implications of which will be discussed below.

Inadequate Psychometric Evidence for the APT
The APTs of the present study were shown to possess a distinct lack of reliability and
validity. This finding adds to previous research that had also flagged poor
psychometric properties for APTs (Banse, 1999; Bosson et al., 2000; Kawakami &
Dovidio, 2001; Krause et al., 2010; Rudolph et al., 2008). However, such previous
research had not so clearly documented exactly how poor the APT’s psychometric
properties are. Most seriously, the current study found over 95% of the APT scores
appeared attributable to random error variance and only a minuscule amount related
to the construct of interest. Put simply, the APTs seemed to inconsistently be
measuring very little (if any) of the implicit attitudes they were designed to examine.
Priming procedures have been popular for assessing intergroup bias since their
conception in the mid-1980s (Fazio et al., 1986), despite very limited reliability and
validity evidence produced for the task during the last 30 years (Jost et al., 2009).
This scarcity of reported psychometric support for APTs is unsurprising given the
present findings, and it is concerning that APTs have been used for over two decades
without thorough psychometric investigation.

The current results enable a different perspective on previous research comparing
IATs and APTs. In the past, very poor convergent validity has often been reported
between these tasks, with near-zero correlations not an abnormal finding (see Bosson
et al., 2000; Greenwald & Farnham, 2000; Hofmann & Schmitt, 2008; Krause et al.,
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2010; Rudolph et al., 2008; Sherman et al., 2003). In explaining such results, it has
been suggested that divergence between the IAT and APT is due to differences in
stimuli categorisation requirements, involving exemplar- versus category-related
associations (Gawronski, 2009). Others have argued poor psychometric properties
are simply a characteristic of all implicit attitude measures (Bosson et al., 2000;
Tetlock & Mitchell, 2009). However, after examining the results of the present study
it appears far more likely the lack of convergence between the APT and the IAT is a
reflection of the instability and lack of construct validity possessed by the priming
procedure, which is divergent from the relative psychometric robustness evidenced
for the IAT. It is recommended priming procedures are avoided in applied implicit
attitudinal research, at least until a more valid technique can be devised.
Psychometric investigation is strongly encouraged to explore this matter further.

Strong Preliminary Support for the Psychometric Stability and Validity of IATs
In direct contrast to the APT results, all the IATs revealed good internal consistency,
convergent validity and construct validity following removal of the substantial and
significant portions of random error variance apparent in the IAT data. This indicates
that when the confounding influence of random error variance has been removed, the
IAT effect scores consistently measured the implicit attitude construct they were
designed to assess. This consistency, especially across IATs, is a considerable
improvement on the often variable results typically reported in the past using data
analytic approaches based on observed scores (Hofmann & Schmitt, 2008; Rudolph
et al., 2008; Schnabel et al., 2008a; Sherman et al., 2003). The finding of relative
consistency in the present study emphasise the potentially volatile influence that
random error has on implicit attitudinal scores, which is problematic if not accounted
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for. It is encouraging the portion of trait variance measured by the IATs does appear
to adequately assess the construct of implicit attitudes, despite the fact trait variance
is limited by the amount of error variance in the scores (Cote & Buckley, 1987). Due
to of the significant portion of random error variance in IAT effect scores, any IAT
data not examined using latent modeling techniques will likely be hindered greatly in
the provision of accurate or representative results. Routine estimation of error
variance before interpretation of IAT scores is thus critical.

Following the use of SEM strategies, strong convergent validity evidence for the
VIAT and PIAT was evidenced. This is the first psychometric support for a fully
pictorial IAT. The results indicated the PIAT was comparable to the VIAT in terms
of reliability and construct validity using CR, AVE, Single-group CFA and Higherorder CFA. In particular, strong convergent validity evidence was demonstrated by
large effect sizes between the two IAT types. Such findings are a substantial
improvement on previous research using traditional correlational or regression-based
analytical techniques, which only rendered small to medium correlations between the
VIAT and PIAT (Thomas, 2008). The comparable loadings of the latent VIAT and
PIAT factors on to the higher-order factor provide further evidence that these tasks
both assess a substantial and similar amount of trait attitude construct. Such results
demonstrate that both the VIAT and PIAT are available options for use in applied
behavioural research. The PIAT provides an interesting addition to the available
implicit attitude techniques. Avoiding the requirement of verbal fluency allows the
PIAT to expand the potential participant pool for implicit attitudinal research to
include children and the illiterate, it also facilitates opportunity for cross-cultural
investigations without the need for translation (Thomas, 2008; Thomas et al., 2007).
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Another interesting implication of the current study is that the relationships between
the IATs and explicit questionnaires were a lot stronger using latent modeling
procedures than those typically reported from traditional analytic procedures (Banse,
1999; Bosson et al., 2000; Cunningham et al., 2001; Greenwald et al., 2009;
Hofmann et al., 2005; Hummert et al., 2002; Nosek, 2007). The medium implicitexplicit correlations reported in the present study are very comparable to
Cunningham et al.’s (2001) findings that also assessed a Racial VIAT and the MRS
using CFA. Such consistency in research findings is an improvement on past
inconsistencies in the research literature (see Chapter Two) and strengthens the need
for SEM to routinely be applied to implicit attitudinal data.

Impacts of Error Variance on Observed IAT Effect Scores
Implicit-explicit relationships were evidenced to be stronger once random error
variance was accounted for. This supports the theory that random error variance can
result in attenuating reliability estimates and observed relationships between
constructs, or in this case, measurement techniques assessing the same construct (see
Coenders & Saris, 2000; Cunningham et al., 2001). The current study found that over
half of the IAT effect scores could be attributed to random error variance, confirming
previously asserted hypotheses (see Chapter Three). However, error variance is
widely recognised as having both random and systematic components (Podsakoff et
al., 2003). The current study has not accounted for the differential influence of
systematic error variance. In CFA, systematic error remains partialled with the trait
variance, confounding it to an unknown degree. In order to clarify the influence of
both types of error on implicit attitudinal research, an analytical approach that
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separates random from systematic types of error is strongly recommended. The
Multitrait-Multimethod (MTMM) procedure is such an approach, which would
provide much needed clarity regarding this large error component of IAT effect
scores and will be addressed in Chapter Six.

Chapter Summary and Conclusion
The current study has revealed that not all implicit attitude measures are consistent
and valid assessors of implicit attitudes. The APT was shown to have very poor
psychometric properties and to contribute very little to implicit attitudinal
investigations by barely assessing the construct of interest. It is recommended that
the APT be constrained to studies aimed at developing the stability and validity of
the measure rather than any applied research. In contrast, both the verbal IAT and the
pictorial IAT were shown to provide a relatively stable and valid measure of implicit
attitudes following the removal of random error variance. Because of this, both the
VIAT and PIAT appear potentially suitable for applied behavioural research.
However, the use of latent modelling techniques is required to account for the high
random error component of the IAT effect scores before substantive interpretation is
possible. Research to investigate the influence of systematic error on IAT data would
help further clarify the composition of IAT effect scores and deliver a more accurate
psychometric evaluation of the validity of these measures.
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CHAPTER SIX
Study Two: Examining the Construct Validity of Implicit
Association Tests using CFA-MTMM
Introduction
The hypothesis that there would be substantial error variance in IAT data was
confirmed in the previous study. Error variance was found to account for over half of
an average IAT effect score and appeared to limit internal consistency and construct
validity estimates for the implicit attitude measures. However, the impact of
systematic forms of error variance, such as method variance, on the IAT effect scores
remains unknown. Systematic error variance could further confound findings and
contribute to misleading reliability and construct validity estimates. However, there
has only been limited consideration of method variance in the IAT. The present study
aims to rectify this omission by investigating systematic sources of error variance
using the Multitrait-Multimethod approach to Confirmatory Factor Analysis (CFAMTMM). In Study One, random error was estimated using CFA, but the estimate of
trait variance remained confounded by method effects. CFA-MTMM estimates
method effects based on error covariances, thus differentiating trait and systematic
error components. CFA-MTMM therefore delivers a more focussed and accurate
assessment of construct validity, which should provide greater clarity regarding the
influence of systematic and random error effects on IAT scores.

Systematic Error Variance in Implicit Attitudinal Research
Systematic error variance refers to relatively consistent extraneous influences that
impact upon observed scores (Coenders & Saris, 2000). One of the main sources of
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systematic error variance are method effects. The term method refers to concrete
aspects of the testing methodology, such as the content of specific items or stimuli,
the response format and the context of the testing process (Geiser & Lockhart, 2012).
Method effects can also be interpreted in a more abstract fashion to include response
biases due to social desirability, acquiescence and halo effects (Malhotra et al., 2006;
Podsakoff et al., 2003). These method-specific characteristics can systematically bias
findings, typically inflating (but also potentially deflating) observed relationships
between constructs (Cole & Maxwell, 2003; Podsakoff et al., 2003). Chapter Three
clearly outlined the strong likelihood that the IAT is heavily influenced by systematic
factors associated with the task’s methodology. Despite this, few studies have
examined method variance in IAT data21.

Evidence for Method Variance within Attitudinal Data
The first evidence of method-specific variance in the IAT was reported ten years ago.
Mierke and Klauer (2003) examined responses from a typical Flower/Insect Attitude
IAT and a non-attitude-based Geometric IAT (that involved red or blue squares and
circles as stimuli). Despite the fact the tasks were designed to have no convergent
content at all, a moderate correlation between the Attitude and Geometric Shape
IATs was reported (Mierke & Klauer, 2003), revealing evidence of method-related
variance in the IAT data (see also Nosek & Smyth, 2007). In a later assessment of
method variance, Siers and Christiansen (2012) examined three personality-based
IATs assessing Extraversion, Conscientiousness and Emotional Stability, in contrast
to a Flower/Insect VIAT and a Self/Positive VIAT. As with Mierke and Klauer
(2003), Siers and Christiansen (2012) reported significant low-moderate correlations
21

Of the 900 IAT focussed papers listed in PsycINFO, the present researchers have located fewer than
ten studies that acknowledge method variance in the IAT.
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between each of the conceptually unrelated Personality-related and Flower/Selfrelated IATs. CFA-MTMM analysis revealed that on average 22% of the variance in
their trait IATs was attributable to method variance (Siers & Christiansen, 2013).
These findings provide considerable evidence of method variance produced by the
IAT methodology.

Types of Method Variance in IAT Data
Chapter Three presented an extended discussion of likely sources of systematic bias
for the IAT. The current section summarises these sources within the framework of
Podsakoff et al.’s (2003) thorough categorisation system for method biases, which
has not previously been applied to implicit attitude measures. Podsakoff et al. (2003)
outlines four sources of method variance – common rater effects, item characteristic
effects, item context effects and measurement context effects – each of which may
affect the IAT.

Common Rater Effects.
Common rater effects refer to artifactual covariance caused by the same respondent
completing the measure. This category includes sources of error such as social
desirability, mood state and acquiescence that can impact the way a participant
consistently responds to the task (Podsakoff et al., 2003). Previous IAT research have
found a respondent’s general processing speed (Blanton et al., 2006), intelligence
(Stülpnagel & Steffens, 2010) and task-switching ability (Back et al., 2005; Fiedler et
al., 2006; Mierke & Klauer, 2003) contribute to method variance for IATs. These
characteristics, outlined in Chapter Three, contribute to common rater effects during
a validity study.
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Item Characteristic Effects.
Item characteristic effects refer to distinctive properties of an item that can influence
the respondent, such as item demand characteristics, item ambiguity, common scale
formats and positive/ negative wording of items (Podsakoff et al., 2003). As
discussed in Chapter Two, ambiguity of stimuli is problematic for the IAT and can
produce greater error variance for a task (Messner & Vosgerau, 2010; Salthouse,
2000; Steffens et al., 2008). Also, patterns in reacting to the stimuli such as accuracy
versus speed response style (see Chapter Three; Salthouse, 2000; Williams et al.,
2005) or responding more positively to stimuli associated with the self (Messner &
Vosgerau, 2010; Siers & Christiansen, 2013), can also contributes to this item
characteristic form of method variance.

Item Context Effects.
Item context effects refer to the interpretation of an item based on its relation to other
items on the measure, which includes priming effects and context induced mood
(Podsakoff et al., 2003)22. Han et al. (2009) found interpretation of IAT stimuli and
response categories are substantially influenced by other tasks completed during a
testing session (refer to Chapter Two). The order in which congruent and incongruent
trial blocks are presented also systematically influences performance on the
subsequent block, with incongruent trials completed far slower following a congruent
block of trials (see Chapter Three; Lane et al., 2007; Williams & Themanson, 2011).
This is another example of systematic bias caused by item context effects.

22

The impact of previously seen stimuli on later associations, referred to as the priming effect, is a
well-known phenomenon in the implicit attitudinal literature (Dasgupta & Greenwald, 2001; Han et
al., 2009; Park et al., 2007).
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Measurement Context Effects.
Lastly, measurement context effects refer to any covariance artefacts produced from
the context in which the responses are obtained. This can occur when two measures
are completed at the same time, in the same location, using the same medium
(Podsakoff et al., 2003). Because the IAT refers to a methodological format rather
than a specific test, most validity studies require multiple versions of the IAT to be
completed using the same measurement format, in the same measurement context,
using similar item characteristics and a single common rater. As such measurement
context effects likely also contribute to method variance for IATs, which is
problematic given systematic error variance can significantly influence psychometric
evaluations (Mierke & Klauer, 2003).

Implications of Unaccounted For Method Variance on Validity Estimates
Method variance that is unaccounted for can artificially increase correlations
between the absolute scores of any two IATs, even if they are not related by shared
content (although method biases have also been known to deflate such estimates)
(Coenders & Saris, 2000). For instance, in Podsakoff et al.’s (2003) application of
Cote and Buckley’s (1987) research, presented in Chapter Three, two completely
unrelated explicit attitude measures (with expected zero correlation) produced an
observed correlation of .23, providing clear evidence for the presence of systematic
and random error variance. This correlation of .23 is not significantly different from
the .39 inter-implicit correlation between Flower/Insect and Geometric Shape IATs
reported by Mierke and Klauer (2003) that also demonstrated evidence of method
variance (𝓏=1.24, p<.108). It is thus a strong possibility that method variance has
artificially elevates correlations between the absolute score of any two IATs (Siers &
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Christiansen, 2013), regardless of whether they measure related constructs. Based on
Podsakoff et al.’s (2003) findings, any reported correlation less than .23 may
theoretically be regarded as a product solely of error variance. Given implicit attitude
measures, such as the APT and IAT, have previously shown poor convergence
amongst the tasks (Hofmann & Schmitt, 2008; Krause et al., 2010; Rudolph et al.,
2008), it is vital that the effect of method variance is systematically assessed.
Multitrait-multimethod analyses using CFA provide a comprehensive way to assess
the potential effects of method variance on IAT data.

The Multitrait-Multimethod Approach to Estimating Systematic and Random
Error Variance
The multitrait-multimethod (MTMM) approach requires multiple constructs (or
traits) to be assessed by multiple measures (Schumacker & Lomax, 2010), with each
construct assessed by a common methodology, or common methodologies in the case
of more complex comparisons using more than two methods. In such analyses, the
measures or methods may differ in terms of the data collection procedures, raters, or
stimuli medium (see Coenders & Saris, 2000). MTMM applied within a CFA
framework delivers a critical tool for construct validity estimation, and is regarded as
one of the most rigorous methods for assessing and controlling for method variance
(Lance et al., 2002; Marsh & Grayson, 1995; Meade et al., 2007).

The Multitrait-Multimethod Approach to Construct Validation
Assessment of construct validity using CFA-MTMM incorporates both convergent
and discriminant validity evidence. Convergent validity is demonstrated when
measures of the same trait are highly correlated, with a high positive correlation
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(r>.50; Cohen, 1992) between the two latent attitude traits, even though they were
assessed using different methods (Schumacker & Lomax, 2010). It is also possible to
assess the convergent validity of the latent method factors using the correlated
methods specification approach for CFA-MTMM (see Chapter Four). This approach
enables a unique opportunity for two methods (such as the verbal and pictorial IAT
formats) to be directly compared without the confounding influence of trait or
random error variance. There are no known papers within the implicit attitudinal
literature to have utilised this capability of CFA-MTMM models. CFA-MTMM can
further deliver strong discriminant validity evidence when correlations between
measures of different traits using the same method are low (r<.30; Cohen, 1992;
Nosek & Smyth, 2007). Overall, the construct validity of a specific measurement
technique is supported when the trait variance of a measure is greater than its method
variance (Byrne, 1998). This is a strict psychometric assessment of construct validity
conducted by examining the individual parameter estimates. The strict assessment of
construct validity afforded by CFA-MTMM has not previously been applied to the
psychometric assessment of implicit attitudinal measures23.

Study Two
Aim 5: Assess the Construct Validity of the IAT using CFA-MTMM
The fifth aim of the current dissertation, and the sole aim of the current study, was to
apply the CFA-MTMM analytical framework to evaluate the validity of the verbal
and pictorial versions of the IAT (VIAT and PIAT respectively). The model to be
tested is presented in Figure 6.1. In this analysis, the traits refer to the two constructs

23

CFA-MTMM has predominantly been constrained to establishing the psychometric properties of
explicit attitude measures and has rarely been applied to laboratory techniques, such as the IAT.
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being measured (Country and Racial prejudice) and the methods refer to the IAT
formats (Verbal and Pictorial).

Racial
Construct

Country
Construct

RVIAT1

ε1

RVIAT2

ε2

RVIAT3

ε3

RVIAT4

ε4

RPIAT1

ε5

RPIAT2

ε6

RPIAT3

ε7

RPIAT4

ε8

CVIAT1

ε9

CVIAT2

ε10

CVIAT3

ε11

CVIAT4

ε12

CPIAT1

ε13

CPIAT2

ε14

CPIAT3

ε15

CPIAT4

ε16

Verbal
Method

Pictorial
Method

Figure 6.1. The specified path model for the CFA- MTMM analysis of the IATs,
where the latent trait factors are presented on the left of the indicators and the latent
method factors (and the error variances) can be seen on the right.

Within the primary objective of this study there were three specific sub-aims. The
first sub-aim was to ascertain if there was any evidence of substantial method
variance within the IAT data. It was hypothesised large portions of method variance
would be present as evidenced by significant and substantial factor loadings of the

203
indicators onto the latent method factors in the specified path model (see Figure 6.1).
The exact proportion of variance attributable to the IAT method would also be
clearly presented in the parameter estimates resulting from the analysis. The second
sub-aim was to assess the comparability of the VIAT and PIAT measurement
techniques. Convergent validity for the VIAT and PIAT was hypothesised, as
evidenced by a strong positive correlation (r>.50; Cohen, 1992) between the latent
method factors. This would provide a high level of support for the comparability of
these techniques. The third sub-aim was to provide a stringent assessment of the
construct validity of the IATs by scrutinising the parameter estimates. It was
hypothesised that overall the trait variance would be significant and greater than the
method variance for each of the four IATs; demonstrating good construct validity for
the measures.

Method
Participants
Responses of the same 198 participants (Mean age: 26.03 years; SD=11.10) used in
Study One provided the data for all analyses in the present study. For more
information regarding these participants see the method section in Chapter Five.

Apparatus
The four empirical IATs described in Chapter Five: the Race VIAT, Race PIAT,
Country VIAT and Country PIAT, were used in the current study.
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Procedure
The procedure was as outlined in Chapter Five.

Statistical Analysis
The CFA-MTMM analysis was performed in Mplus, version 6.1 (Muthén & Muthén,
2010), using the robust maximum likelihood estimation procedure (MLM) and the
freely correlated trait- freely correlated method (CT-CM) specification approach.
Assessment of model fit was determined using the goodness-of-fit indices as outlined
in Chapter Five.

Results

The CT-CM CFA-MTMM analysis showed that the specified model was a good fit
to the data, χ2 (86, N=198)=93.61, p=.27; CFI=.99; RMSEA=.02; and SRMR=.04.
The correlational matrix is depicted in Table 6.1. The specified path model is
presented in Figure 6.2 and depicts the partitioning of the IAT data parcels into latent
trait, random error and method components. Standardised factor loadings (STDYX)
are also presented on this model.
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Table 6.1
Inter-indicator Correlations for the CTCM CFA-MTMM Analysis
VIAT
2R

VIAT
3R

VIAT
4R

PIAT
1R

PIAT
2R

PIAT
3R

PIAT
4R

VIAT1R
VIAT2R
VIAT3R
VIAT4R
PIAT1R
PIAT2R
PIAT3R
PIAT4R
VIAT1C
VIAT2C
VIAT3C
VIAT4C
PIAT1C
PIAT2C
PIAT3C
PIAT4C

VIAT
1R
1.000
.427
.476
.457
.310
.346
.127
.141
.314
.115
.337
.241
.239
.307
.213
.237

1.000
.463
.290
.262
.278
.106
.141
.293
.247
.341
.165
.240
.313
.215
.218

1.000
.495
.316
.295
.200
.213
.291
.336
.403
.289
.288
.237
.138
.209

1.000
.308
.318
.284
.275
.359
.315
.397
.376
.288
.289
.257
.200

1.000
.543
.367
.363
.371
.259
.259
.329
.344
.377
.333
.159

1.000
.449
.487
.326
.188
.241
.302
.377
.331
.369
.357

1.000
.456
.325
.215
.268
.257
.312
.254
.268
.164

1.000
.253
.169
.244
.192
.230
.223
.167
.165

VIAT
2C

VIAT
3C

VIAT
4C

PIAT
1C

PIAT
2C

PIAT
3C

PIAT
4C

VIAT1C
VIAT2C
VIAT3C
VIAT4C
PIAT1C
PIAT2C
PIAT3C
PIAT4C

VIAT
1C
1.000
.438
.444
.449
.297
.292
.326
.220

1.000
.527
.410
.287
.226
.187
.115

1.000
.381
.201
.248
.235
.129

1.000
.247
.277
.289
.238

1.000
.528
.449
.381

1.000
.514
.453

1.000
.396

1.000
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VIAT1R

.46*

ε1

VIAT2R

.64*

ε2

VIAT3R

.51*

ε3

VIAT4R

.57*

ε4

PIAT1R

.55*

ε5

PIAT2R

.40*

ε6

PIAT3R

.56*

PIAT4R

.60*

.67*
.51*
.52*

.30*
.32*
.47*

.42*

Racial
Trait

.31*
.34*
.03
.08

.51*

Verbal
Method

.62*
.66*

ε7

.70*
.56*

.54*
.25*

.56*

.60*

ε10

.55*

.16

VIAT3C

.49*

ε11

.24*

VIAT4C

.63*

ε12

.55*

ε13

PIAT2C

.39*

ε14

PIAT3C

.56*

ε15

.65*

ε16

.71*

.54*

.69*
.67*
.63*
.40*

.54*

PIAT1C
.56*

.57*

ε9

VIAT2C

.14

Country
Trait

VIAT1C

ε8

.33*

Pictorial
Method

.37*

PIAT4C

.24*

Figure 6.2. CT-CM CFA-MTMM model depicting the data of four IATs that have
been separated into trait, error and method components. *p<.001.
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Evidence of Method Effects in the IAT using CT-CM CFA-MTMM
As hypothesised, substantial and significant factor loadings of the indicators onto the
Verbal and Pictorial latent method factors were found (see Figure 6.2). The average
of these factor loadings was .50, well above the .32 cut-off for meaningful latent
effects (Gorsuch, 1983). This provides strong evidence of significant method effects
within IAT data.

Convergent Validity between the VIAT and PIAT using CT-CM CFA-MTMM
The second hypothesis of comparability between the verbal and pictorial IAT
methodologies was substantiated with a sizeable and significant correlation of .57
between the Verbal and Pictorial latent methods, as shown in Figure 6.2. This result
further enhances the convergent validity of the VIAT and PIAT.

Construct Validity Results for the IATs using CT-CM CFA-MTMM
Individual variance parameters resulting from the CT-CM CFA-MTMM analysis are
presented in Table 6.2. These values for trait and method are the squared
standardised loadings, and together with the error variances, they specify the amount
of variance in each IAT data parcel attributable to trait, method and random error
effects.

208
Table 6.2
Variance in IAT Effect Scores Accounted for by Trait, Method and Error Effects
Trait

Method

Error

VIAT1R
VIAT2R
VIAT3R
VIAT4R
Mean (SD)

.45*
.26*
.27*
.18*
.29 (.11)

.09*
.10*
.22*
.26*
.17 (.08)

.46*
.64*
.51*
.57*
.55 (.08)

PIAT1R
PIAT2R
PIAT3R
PIAT4R
Mean (SD)

.10*
.12*
.00
.01
.05 (.06)

.36*
.48*
.45*
.40*
.42 (.05)

.55*
.40*
.56*
.60*
.53 (.09)

VIAT1C
VIAT2C
VIAT3C
VIAT4C
Mean (SD)

.06*
.02
.03
.06*
.04 (.02)

.38*
.44*
.49*
.31*
.41 (.08)

.56*
.55*
.49*
.63*
.56 (.06)

PIAT1C
PIAT2C
PIAT3C
PIAT4C
Mean (SD)

.30*
.50*
.31*
.29*
.35 (.10)

.16*
.11*
.14*
.06*
.12 (.04)

.54*
.39*
.56*
.65*
.54 (.11)

Overall
Mean (SD)

.18 (.16)

.28 (.15)

.54 (.08)

Race

Country

Overall, the parameter estimates revealed an average of 28% of the variance was
attributable to method effects (see Table 6.2). This is a substantial portion,
particularly when compared to the lesser 18% of variance attributable to the trait
construct supposedly being tapped by the technique. Random error variance appeared
relatively stable across the tasks, accounting for about 54% of variance (see Table
6.2). These results reveal that IAT effect scores are on average comprised of 54%

209
random error variance, 28% method variance and 18% trait variance (see Figure 6.3).
In other words, an average of over 80% of an IAT effect score is error variance
compared to less than 20% variance associated with the trait construct of interest.

Trait
Variance
18%
Random
Error
Variance
54%

Method
Variance
28%

Figure 6.3. Graphical representation of the percentage variance of average IAT effect
scores attributable to trait, method and random error variance.

When examining the individual parameters, inconsistent construct validity evidence
was revealed. Two of the four IATs, the Racial VIAT and the Country PIAT, were
found to possess higher levels of trait (29% and 35% respectively) than method
variance (17% and 12% respectively). This provides solid support for the construct
validity of these two measures. Conversely, the other two IATs, the Country VIAT
and the Racial PIAT, presented the opposite pattern, with little trait accounted for
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(5% and 4% respectively) and a substantial portion of method variance present (42%
and 41% respectively). Such findings reduce support for the construct validity of
these two measures. As such, the CFA-MTMM analysis simultaneously provided
strong construct validity evidence for the Racial VIAT and Country PIAT, whilst
weakening support for the Racial PIAT and Country VIAT.

Discussion
There was a strong likelihood that substantial random and systematic error variance
were confounding IAT effect scores, though the extent of this effect was unknown.
The current study aimed to clarify this issue by applying CT-CM CFA-MTMM to
investigate the influence of error variance on several aspects of the IAT’s validity.
The three sub-aims of this study were to determine the proportion of method variance
in the scores, to compare the latent verbal and pictorial IAT methods, and to assess
the construct validity of the IATs.

The results of Study Two found evidence of significant random and systematic error
variance in the IAT effect scores, the sheer magnitude of which has serious
implications for the use and interpretation of IAT effect scores. Furthermore, strong
convergence between the verbal and pictorial IAT formats was demonstrated after
the effects of random error and method effects were accounted for. Lastly, strong
construct validity was shown for the Racial VIAT and Country PIAT, indicating that
it may be possible to develop psychometrically solid implicit attitude measures.
However, the inconsistencies evident between the validities of ostensibly similar
IATs, such as the Country VIAT and Country PIAT, provide concern for the ease in

211
which IATs can be applied to assess various constructs. Each of these findings and
their implications for implicit attitudinal research will be discussed in turn.

Evidence of Systematic and Random Error Effects in the IAT using CT-CM
CFA-MTMM
Method effects were revealed to play a considerable role in the IAT effect scores, as
evidenced by substantial factor loadings of the indicators onto the latent method
factors (see Figure 6.2) and the parameter estimates of the CFA-MTMM analysis
(see Table 6.1). On average, about 30% of the IAT scores were attributable to
method variance, an amount not dissimilar to the 22% method variance in IATs
reported by Siers and Christiansen (2013). Such results provide reasonably consistent
evidence of the significant role systematic error variance plays in IAT effect scores,
which may have impacted upon the accuracy of previously reported IAT findings.
The inconsistent, and often poor inter-implicit attitude correlations often reported in
the implicit attitudinal literature (refer to Chapter Three; see also Krause et al., 2010;
Rudolph et al., 2008; Sherman et al., 2003) may, according to present results, have
actually been inflated to an unknown degree by method variance. Such inflation may
imply that estimates of convergent validity for the IAT have been inaccurate, and
potentially poorer than originally anticipated.

The present analyses also confirmed that random error variance comprised over 50%
of the IAT effect scores, indicating it is the greatest contributor to IAT effects.
Random error variance can significantly confound validity estimates, and as shown
in Chapter Five, may have provided an upper limit for observed correlations between
like implicit attitude measures (e.g. Hofmann et al., 2005; Krause et al., 2010;
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Rudolph et al., 2008). Random error variance has likely also limited other construct
validity estimates for these tasks.

It is significant that an average of 82% of the IAT effect scores was attributable to
error variance, and this indicates less than one fifth (18%) of the IAT effect score
measures the trait attitude construct supposedly being assessed (see Figure 6.3).
Based on the current findings, it would seem near impossible to ascertain accurate
estimates of implicit attitudes without analytically addressing error variance, given
the IAT effect scores are confounded to such an extent. This calls into question the
validity of previously reported implicit attitudinal research that were not analysed
using SEM or other latent-based approaches. In summary, error variance in IAT
effect scores must be accounted for using latent modelling techniques in order to
have any hope of uncovering findings related to implicit attitudes. The implications
of requiring IAT data be analysed using SEM are discussed in detail in the General
Discussion, Chapter Eight.

Convergent Validity Evidence for the Verbal and Pictorial IAT Formats
The CT-CM CFA-MTMM methodology enabled a comparison of the latent method
factors. This analysis revealed a substantial correlation between the latent verbal and
pictorial methodologies, indicating the methods were very comparable. These results
build on the findings of Study One that also found relative equivalency between the
verbal and pictorial IAT formats. These findings are a substantial improvement on
previous comparisons of the VIAT and PIAT that reported a much smaller
correlation between these measures using traditional data analytical approaches
based on observed scores (Thomas, 2008). Such an improvement in comparability
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implies error variance was having a limiting effect on the inter-implicit attitude
correlation for related constructs, which is to be expected given random error
variance is now known as the primary contributor to IAT effect scores. The present
findings also provide evidence for the PIAT as a viable alternative to the traditional
VIAT for attitudinal research, especially in populations where verbal stimuli are not
appropriate (e.g. young children as per Thomas et al., 2007), though as indicated
previously, variance in PIAT effect scores must be accounted for using latent
modelling.

Discrepant Construct Validity Evidence for the IAT using CFA-MTMM
Despite some evidence of support for the construct validity of the IATs, this support
was inconsistent. An examination of the parameter estimates (see Figure 6.2, and as
variances in Table 6.1) indicated that the Racial VIAT and Country PIAT possessed
strong construct validity, with levels of trait variance greater than method variance.
However, the Country VIAT and Racial PIAT presented the opposite findings,
thereby failing to demonstrate adequate construct validity because method variance
was greater than trait variance for these tasks. Such results are very difficult to
interpret given each method (verbal and pictorial) was both deemed satisfactory and
unsatisfactory depending on which construct (race or country) was assessed.
Likewise, each construct was either acceptable or not depending on which method
was used. As such, there was not clear evidence to support the use of a particular
IAT format nor the finding that one construct was more easily accessed than the
other.
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Seemingly contradictory results such as the aforementioned reduce the overall
construct validity evident of the IAT for, and emphasise that full psychometric
investigation of each adaptation of the IAT is necessary (see also Lane et al., 2007).
This is a labour-intensive requirement, as demonstrated by the current dissertation.
Greater collegiality between research groups may enable the use of validated IATs,
such as the Racial VIAT and Country PIAT of the current research, to be circulated
(e.g. The Open Science Framework; Spies & Nosek, 2012). This could increase the
overall psychometric standard of the implicit attitude measures being utilised,
without the need for extensive psychometric evaluation every time research is
conducted, a likely prohibitive requirement for most researchers.

Chapter Summary and Conclusion
The aim of Study Two was to investigate the influence of systematic and random
error variance on the IAT effect scores using CFA-MTMM. The results revealed
error variance to be the primary contributor to IAT effect scores, with more than half
of variance attributable to random error, a further third attributable to method
variance and trait variance shown to have the least influence on IAT results,
accounting for less than a fifth of the score. These findings significantly reduce the
veracity of previously reported IAT findings that failed to account for error variance.
A key implication of these results is that future IAT research should account for the
substantial portion of error variance by using latent modeling analytical techniques
such as SEM. Once error variance was accounted for, however, there were still
significant inconsistencies in the construct validity evidence produced for the four
IATs of the present study. These inconsistencies are worrisome for the application of
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IATs to the assessment of varied attitudinal constructs. It appears critical that each
IAT is individually assessed using SEM procedures to ensure adequate psychometric
properties are present, prior to testing with the aim of procuring implicit attitudes.

On the flip side, the present study revealed for the first time that two IATs, the Racial
VIAT and the Country PIAT, demonstrated adequate construct validity via the
stringent assessment process afforded by CFA-MTMM. Such a finding provides
some hope that the IAT method can be developed to provide reasonable assessment
of underlying implicit attitudes. The finding of adequate construct validity for a fully
pictorial IAT (the Country PIAT) combined with strong VIAT-PIAT convergence
supports the use of PIATs in implicit attitudinal research. Because of this, were IAT
researchers able to consistently provide psychometrically adequate measures, there
should be no barrier between the use of pictorial stimuli in comparison to verbal
stimuli. However, the requirement of latent modeling techniques to analyse the data
before any interpretation could occur would still be essential.

The following chapter provides an examination of how SEM techniques could be
applied to examine the substantive enquiries potentially raised during implicit
attitudinal research, with the confounding influence of error variance minimised.
These enquiries include what the IAT scores reveal about a sample population’s
implicit biases and whether sex, age or travel experience impact a person’s implicit
views. It is very novel to attempt to examine such queries using SEM procedures;
however to not account for error variance in this way is to likely produce inaccurate
and potentially misleading conclusions.
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CHAPTER SEVEN
Study Three: Examining Covariates and the IAT Effect Score using
Multiple-group CFA and MIMIC models
Introduction
The IAT effect score was designed to provide an indication of entrenched automatic
biases. Yet the current dissertation has revealed that error variance, not trait variance,
forms the majority component of these IAT effect scores. Despite this substantial
limiting factor, Study Two showed that once error variance was accounted for using
CFA-MTMM, the Racial VIAT and Country PIAT possessed good construct
validity. This result implies that IATs have at least some potential to be developed
and refined into psychometrically robust measurement instruments. Accepting this
premise, the current study explored whether SEM can be used to investigate
substantive enquiries for the IAT. Specifically, it was determined whether implicit
biases were present for the sample, and if so, whether certain participant
characteristics influenced these results. It is argued that SEM techniques such as
Multiple-groups CFA and MIMIC models provide suitable means for avoiding the
issue of error variance whilst obtaining substantive information from IAT data.

The Application of Implicit Association Tests to Prejudice Assessment
The purpose of the IAT is to deliver an estimate of deeply ingrained attitudinal
biases. As outlined in Chapter Two, several design features of the IAT make it well
suited to the assessment of racial prejudice (see also Greenwald & Krieger, 2006;
Greenwald et al., 2009). Because of this, the IAT has been frequently applied to
assess racial prejudice, with many studies examining White populations implicit
attitudes towards other racial groups, such as Arabs, Black Africans, Hispanics,
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Asians and Jews (Agerström & Rooth, 2009; Baron & Banaji, 2006; Cunningham,
Nezlek, et al., 2004; Greenwald et al., 1998; Greenwald et al., 2009; Nosek et al.,
2005; Nosek et al., 2007; Park et al., 2007; Rooth, 2010; Rowatt et al., 2005;
Rudman & Ashmore, 2007). Of these racial groups, Australians have rated
Arab/Muslims as the most threatening out-group (Dunn et al., 2008; Islam & Jahjah,
2001) and it is for this reason that implicit attitudes towards this specific ethnic group
were examined in the current research.

Implicit bias against Arab/Muslims has previously been investigated in large-scale,
web-based research by Nosek et al. (2007). Nosek’s team used a traditional verbal
IAT format, which presented Pleasant/Unpleasant words along with Arab/Muslim
names and Other foreign names that would be unfamiliar to a US audience. Using
this task, an IAT effect was found whereby Other people’s names were implicitly
preferred over Arab/Muslim names (Nosek et al., 2007). Interestingly, this particular
task consistently produced some of the largest group differences of all the IATs
available on the Project Implicit website (Greenwald et al., 2011). Greater anti-Arab
attitudes were observed among men compared to women, older compared to younger
people and conservatives compared to liberals (Nosek et al., 2007).

The Use of IAT Effect Scores for Estimating Implicit Prejudice
Implicit prejudice for the IAT is typically estimated using the IAT effect score (D;
Greenwald et al., 2003), which is basically calculated by examining the difference in
reaction times between congruent and incongruent experimental blocks. Unlike the
IAT effect, which provides a population-based overview of the sample’s implicit
preferences, the IAT effect score is treated more like an individual diagnostic tool
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(Fiedler et al., 2006). Greenwald et al.’s (2003) interpretation guidelines state that an
IAT effect score greater than .60 implies strong negative implicit prejudice, an effect
score between .35-.60 demonstrates moderate negative prejudice, .15-.35 implies
slight prejudice, and scores lower than .15 represent non-existent prejudice
(Greenwald et al., 2003). To provide an example of such interpretation, for Nosek et
al.’s (2007) study the sex difference for the Arab-Other IAT revealed male
participants possessed a moderate negative prejudice (D=.48), whereas female
participants showed only a slight negative prejudice (D=.24). Findings such as these
imply that the IAT can be used to provide an accurate assessment of personal
implicit attitudes (Fiedler et al., 2006).

The Implications of Current Findings on Previous IAT Research.
The practice of relying on IAT effect size guidelines in order to classify the strength
of participants’ implicit prejudice should perhaps be questioned given the findings of
the previous two studies in the current dissertation. In Study Two it was revealed that
over 80% of the IAT effect score was attributable to random and systematic error
variance. This has substantial implications for interpretation of IAT findings, given
that only one fifth of an IAT effect score may reflect the implicit attitudes of interest.
Because of this, any IAT research that fails to account for error variance is likely to
be significantly confounded and potentially quite misrepresentative of the implicit
attitudes of the sample population.

Previous research has been severely limited by not accounting for error variance. To
avoid this oversight, the IAT effect cannot be examined in the usual way by using the
D score or ascertaining group differences in the average reaction times of the
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congruent and incongruent data via a t-test (or other such analysis). This is because
the data remains confounded by error using these methods. Rather, more advanced
latent statistical procedures are required to model and partial out error variance
before determining if significant implicit bias is present. The multiple-groups
approach to CFA provides one avenue to achieve this, by enabling a comparison of
latent means for the congruent and incongruent IAT trial data. This technique is far
more involved than a t-test as it requires first comparing many aspects of the two
different groups to ensure comparability before a test of difference between latent
means can occur. Yet given the enormity of the error variance inherent in the IAT
data, the simpler traditional analytical approach is not feasible as would likely result
in vast misrepresentation of the findings.

Assessing Measurement Invariance and Latent Mean Differences using
Multiple-groups CFA
Multiple-groups Confirmatory Factor Analysis (CFA) enables the latent scores of a
trait for two different groups to be compared. This process tests the measurement and
structural parameters of two models simultaneously (one model per group) to reveal
any group differences (see Chapter Four). The comparison of latent means afforded
by multiple-groups CFA is typically used to determine differences between groups of
participants. However, it could also be applied to examine whether there are
significant differences between the latent means of the congruent and incongruent
trial data, within a single participant sample. In this situation, the congruent and
incongruent trial data are analysed as congruent and incongruent “groups”, even
though they are not groups per se as are sourced from a single sample population.
Significant discrepancy between the mean congruent and incongruent reaction times
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would imply a positive IAT effect, suggesting the IAT had worked as anticipated.
However, for the comparison of latent means to be a useful and meaningful
representation of the group differences, first several other aspects of the two models
need to be shown to be comparable (Brown, 2006). This process of testing for
equivalency between groups is referred to as measurement invariance and it employs
a step by step process of applying constraints, such as like parameters, to both of the
groups simultaneously.

Determining Measurement Invariance
Testing for measurement invariance is crucial because the latent means of two
groups cannot be compared before it is first established that a score of X for one
group is equivalent to a score of X for the other group. If the trait scores are not
comparable across groups then any group differences could be artifactual and may be
fundamentally misleading (Reise et al., 1993). The process of measurement
invariance comprises numerous analyses involving increasingly restrictive
constraints. The more constraints that are shown to be equivalent across the groups,
the greater strength of factorial invariance revealed (see Brown, 2006). For instance,
strong factorial invariance is evidenced when the factor structure (configural
invariance), factor loadings (metric invariance), and intercepts (scalar invariance) are
shown to be equivalent across the two groups’ models. Once a reasonable level of
invariance has been established it is then possible to determine if there are group
differences in the latent means.

Assessing Latent Mean Differences between Groups
The test of latent mean difference is somewhat analogous to the comparison of
observed group means that is traditionally completed using a t-test. However, the
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current approach compares the latent means of the two groups, i.e. once error
variance has been accounted for. To assess the equivalence of latent means via
multiple-groups CFA, the latent mean of one model is constrained to zero. If this
results in a significant latent mean for the second group it indicates there is a
significant difference between the two groups’ means (Thompson & Green, 2006).
For the IAT, such a result would reveal that an IAT effect had occurred and would
ostensibly provide information regarding the population’s implicit attitudes towards
the constructs of interest.

Assessing the Impact of Covariates on IAT Effect Scores using MIMIC
Modelling
Measurement invariance and latent mean difference analyses can deliver an appraisal
of whether the IAT effect was present for each of the empirical IATs in this thesis,
thereby providing insight into the overall implicit attitudes of the sample. However,
there may be additional characteristics of the participants which further influence the
IAT effect scores. Previous research has shown that the age, sex and political
persuasion of the participants can significantly affect the strength of the IAT effect
scores (Nosek et al., 2007). Specifically, males, older adults and politically
conservative individuals generally produce larger IAT effect scores on tests of
implicit racial bias (including against Arabs) than females, younger adults and
politically progressive participants (Nosek et al., 2007). It is likely there are many
other factors that could also impact IAT effect scores and the characteristics of
interest would depend on the construct being assessed. For a racial IAT it could be
expected that participants with greater travel experience would be more accepting of
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diversity, resulting in smaller IAT effect scores, than less travelled participants. Past
research has found participants who associate more with minority members, or those
who have completed diversity training, produce lower IAT effect scores than
participant’s who have not (Cashin, 2010; Rashid, 2009). As such, there is potential
that a participant’s sex, age, political persuasion and/or travel experience may
significantly influence their IAT effect scores, with participants that are male, older,
conservative and less experienced travellers potentially revealing greater implicit
racial bias. The MIMIC analytical approach provides one avenue for investigating
such substantive enquiries whilst accounting for the issue of error variance noted in
this thesis.

MIMIC (Multiple Indicators, Multiple Causes) Models examine the influence of
covariates, such as sex and age on latent factors such as implicit attitudes (see
Chapter Four). MIMIC models can theoretically be conceived of as a regression
model being added to a CFA model in order to examine the covariates direct effects
onto the latent factors and selected indicators (Jöreskog & Goldberger, 1975).
MIMIC models only require one input dataset and thus provide a very efficient
analytical approach to assessing substantive enquiries (Brown, 2006). In a MIMIC
model, significant direct effects between a covariate and a latent factor imply the
factor means are different for different levels of the covariate. Using this approach, it
is possible to determine if the covariates of sex, age and travel experience impact
significantly a participant’s implicit attitudes, as measured by the IAT effect score.
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Study Three
The aim of Study Three was to investigate whether latent modelling techniques that
account for error variance could facilitate more accurate estimates of implicit
attitudinal biases for various participant populations.

Aim 6: Assess Equivalency of Congruent and Incongruent Responses using
Multiple-groups CFA
The first aim of the present study, and the sixth aim of the thesis, was to determine
whether an IAT effect had occurred for each of the empirical IATs using Multiplegroups CFA to test for equivalency between congruent and incongruent trial data. It
was expected that a strong (or at least partial) level of factorial measurement
invariance would be demonstrated between the latent congruent and incongruent
models. It was hypothesised further that the assessment of latent mean difference
would reveal a significant discrepancy in the latent means for the congruent and
incongruent experimental blocks (“groups”). The expected positive IAT effect would
be evident by a significant and positive latent mean for the incongruent group
following the congruent latent group mean being constrained to zero. A conceptual
path diagram for this analysis is depicted in Figure 7.1. An IAT effect for the
Country VIAT, for example, would imply an implicit preference for Europe over the
Middle East.
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Figure 7.1. Conceptual model of the Multiple-groups CFA assessment for latent
mean differences.

Aim 7: Assess the Impact of Covariates on the IAT Effect Scores using MIMIC
Models
The second aim for this study, and the seventh aim of the thesis, was to determine if
the participant characteristics of sex, age and travel experience significantly affected
the IAT results using Multiple Indicators, Multiple Causes (MIMIC) modelling (see
Figure 7.2). A significant pathway between a covariate and a latent construct would
indicate significant differences in the latent IAT scores for the different categories of
the participant-related covariate. Given previous research findings, male participants
were hypothesised to produce higher IAT effect scores than female participants for
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the racially-relevant IATs (Nosek et al., 2007). It was also expected that older
participants would demonstrate significantly higher IAT effect scores than younger
participants (see Nosek et al., 2007). Lastly, participants with greater travel
experience were expected to deliver lower IAT effect scores than less travelled
participants, indicating decreased bias towards Arabs/ the Middle East.

Verbal
IAT
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Age

Pictorial
IAT
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ε1
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ε3
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Parcel 1
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ε9

Parcel 2
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Travel
Explicit
Measure

Figure 7.2. MIMIC model to evaluate the direct effects of sex, age and travel
experience on the test scores.
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Method
Participants
The same 198 participants (mean age: 26.03 years; SD=11.10 years) were used in
this study as for the previous studies. For more information regarding these
participants see Chapter Five.

Apparatus
The apparatus are as described in Chapter Five. Specifically, the four IATs relevant
to the present analyses are the Race VIAT, Race PIAT, Country VIAT and Country
PIAT. The adapted Modern Racism Scale (MRS; McConahay et al., 1981) and the
Travel Destination Questionnaire (TDQ) were also used to address the current aims
(see Appendix H for the Student Opinions questionnaire that includes the MRS, and
Appendix I for the TDQ).

Demographic Information
Prior to testing, the participants reported their age, sex and ethnic identity.
Participants were also asked how well travelled they believed they were (their Travel
Experience) on a five point Likert scale, with higher scores indicative of greater
travel experience (see Appendix J). The mean stated level of travel experience for the
participants was 3.08 (SD=1.15), which implies the majority of participants had
visited at least some countries overseas. The aforementioned demographic
information provided the covariates for the MIMIC analysis.
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Procedure
The procedure was as outlined in Chapter Five. The demographic data used for Aim
Seven were obtained from the participants before they began the experimental tasks.

Statistical Analyses
Multiple-groups CFA
For the present study, multiple groups refer to data obtained during congruent (group
1) and incongruent (group 2) experimental blocks of a single IAT rather than distinct
participant groups24. The aim for the Multiple-groups CFA was to discover if there
was a significant difference between the congruent and incongruent latent means via
a test of latent mean difference. However, equivalency between the two models was
first required as determined by the step-by-step process of measurement invariance,
which is outlined below. The outlined analytical procedure was repeated for each of
the four IATs using the robust maximum likelihood estimation approach (MLM) as
available in Mplus, version 6.1 (Muthén & Muthén, 2010). The Satorra-Bentler
scaled chi-square calculator was used to calculate the Satorra-Bentler chi-square
difference (ΔSBχ2; Satorra & Bentler, 2001). The mean latency and standard
deviations for the IAT data by construct, format and congruency are presented in
Table 5.1, Chapter Five.

24

It is acknowledged that because the two groups comprise data from the same participant population
the test-retest CFA approach may have been appropriate. This technique was originally applied to the
present study, but the models did not show convergence. Longitudinal measurement invariance has
been shown to be just as validly tested using the multiple-groups approach (Vandenberg & Lance,
2000), hence the presented analyses.
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The Assessment of Measurement Invariance.
Prior to the tests for equivalency, the basic CFA model was first assessed to ensure
good model fit for the congruent, incongruent and total sample in three separate
analyses per IAT. Once the models were found to fit the data, three types of
measurement invariance were then tested: configural, metric and scalar. These
models were tested sequentially following the guidelines outlined in Brown (2006),
with each step assessing a different form of invariance.

The first step of the invariance procedure was an assessment of configural
invariance, which refers to a comparison of the model form for the congruent and
incongruent data. Configural invariance is the weakest form of invariance, whereby
no parameters of the CFA model are constrained to be equal across the congruent
and incongruent data “groups”. Configural invariance was achieved if the fit indices
demonstrate good model fit. The second step was an assessment of metric invariance,
whereby the factor loadings were constrained to be equal across the congruent and
incongruent data. This provided the second model that was tested directly against the
preceding less restrained configural model to ensure the second model did not
provide significantly worse fit. Metric invariance was assumed if the Satorra-Bentler
chi-square difference test (ΔSBχ2) showed that the Satorra-Bentler chi-square value
for the more constrained model was not significantly different to the Satorra-Bentler
chi-square value for the less constrained model (see Satorra & Bentler, 2001). If a
significant difference did occur, one of the loadings was released and the analysis
was repeated until a non-significant difference was found. The third step involved an
estimate of scalar invariance. In this model both the factor loadings and the
measurement intercepts of the factors were constrained to be equal across the
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congruent and incongruent data “groups”. If this model did not show significantly
worse fit than the metric invariance model from step two then strong factorial
invariance between the congruent and incongruent data was established.

The Assessment of Latent Mean Difference.
Following a strong (or at least partial) level of measurement invariance being
established for the congruent and incongruent data, the test of latent mean difference
could occur. This was the fourth step in this series of analyses, and involved the
latent means being compared to determine equivalency. In this analysis the latent
mean of the congruent group was constrained to be zero. If this constraint led to a
significant and positive latent mean for the incongruent group then it provided
support for the hypothesis of a positive IAT effect. If however, the resultant latent
mean possessed a negative sign it would be indicative of a reverse IAT effect,
implying the participants responded significantly faster to the incongruent than the
congruent stimuli pairings25. The test of latent mean difference was expected to
reveal a significant discrepancy between the congruent and incongruent data,
indicating a positive IAT effect. The expected outcome of a significant difference for
these analyses was in direct contrast to the previous invariance analyses that aimed to
show no difference between these data groups. The assessment of latent mean
difference provided the crucial indicator regarding the overall implicit attitudes of the
participant group.

25

Although a rare finding, such an effect was evident for the standard Flower/Insect VIAT when
completed by a group of entomologists (Citrin & Greenwald, 1998 as cited in Lane et al., 2007).
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MIMIC Models
The MIMIC approach allowed for an examination of the effects of the covariates sex,
age and travel experience on the latent VIAT, PIAT and Questionnaire factors. Only
one input matrix was required for the analysis, with the covariates added to the total
dataset. For the present study, the covariates age and travel experience were
continuous variables, whereas sex was coded categorically. The MIMIC process
required a viable CFA model be tested for the complete dataset. Following this, the
covariates were added and their effects on the latent factors examined. A significant
direct effect of a covariate onto a latent factor implied there were significant
differences in the latent means at various levels of the covariate. For the age
covariate, if this path was significant and positive it would imply the latent means of
the older participants were significantly higher than the latent means of the younger
participants, as hypothesised. A significant and negative score on that same path
would imply the younger participants were displaying more prejudiced attitudes.
Unlike in multiple-groups CFA, measurement invariance was not tested for the
covariates of sex, age or travel experience. The MIMIC analysis was repeated
separately for the racial and country attitude constructs.

Results

Each series of analyses for the Multiple-groups CFA are presented below. They are
ordered such that the racial construct is addressed first, followed by the country
construct, and within each construct the verbal version of the task is presented before
the pictorial. The final section of the results depicts the MIMIC analyses which
assess the impacts of specific participant characteristics on the IAT effect scores.
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Multiple-groups CFA – Equivalency of Congruent and Incongruent Responses
Equivalency of Responses by Congruency for the Racial VIAT
The simple one-factor CFA model was initially tested for the combined, congruent
and incongruent data separately to ensure it adequately reflected the variances and
covariances of the input data. The goodness-of-fit indices for the CFA model for all
data for the Racial VIAT were: S-Bχ2 (2, N=198)=2.77, p=.25; CFI=.999;
RMSEA=.022; SRMR=.007, which revealed good model fit. The goodness-of-fit
indices for the CFA model for the Racial VIAT congruent data were: S-Bχ2 (2,
N=198)=5.77, p=.06; CFI=.990; RMSEA=.069; SRMR=.020. A result that showed
acceptable model fit, as three of the four fit indices demonstrated good fit and the
RMSEA indicated a moderate level of fit (implying it was not the simplest or most
parsimonious model possible). The goodness-of-fit indices for the CFA model for the
Racial VIAT incongruent data showed good model fit: S-Bχ2 (2, N=198)=5.08,
p=.75; CFI=1.000; RMSEA>.001; SRMR=.005. As the fit indices met criterion
levels for the one-factor CFA model for the combined, congruent and incongruent
data, it was appropriate to continue with the test of measurement invariance.

Measurement Invariance of Congruency for the Racial VIAT.
To assess the comparability of the congruent and incongruent data three types of
measurement invariance were tested: configural (equal form), metric (equal loadings)
and scalar (equal intercepts). The outcomes of these tests are presented in Table 7.1.
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Table 7.1
Tests of Measurement Invariance for Congruency for the Racial VIAT
Model &
Invariance Level

Df

SBχ2

CFI

RMSEA

SRMR

Model
comparison

Δdf

ΔSBχ2

1. Configural

4

7.43

0.996

0.047

0.014

-

-

-

2. Metric

7

15.03*

0.991

0.054

0.041

2v1

3

7.76

3. Scalar

10

24.46*

0.984

0.060

0.048

3v2

3

10.68*

3a. Scalar RVIAT2 released

9

18.63*

0.989

0.052

0.043

3a v 2

2

3.30

Note. N =198. VIAT = Verbal Implicit Association Task. dfs = degrees of freedom. S-Bχ2 = Satorra-Bentler
Chi-square fit indices. CFI = Comparative Fit Index. RMSEA = Root Mean Square Error of Approximation.
SRMR = Standardized Root Mean Square Residual. Δ = difference. *p < .05. **p < .001.

Configural invariance (Model 1 in Table 7.1) is the weakest form of invariance as no
parameters of the CFA model were constrained to be equal across the groups. The fit
indices for this test (see Model 1, Table 7.1) demonstrated good model fit and thus
supported configural invariance. For metric invariance (Model 2 in Table 7.1) the
factor loadings were constrained to be equal across congruency. The resulting model
also showed good model fit, except for the significant Satorra-Bentler chi-square
(SBχ2). The chi-square is known to be inflated by sample size and routinely rejects
models based on data from a large population (Brown, 2006). As such, the other fit
indices were relied upon and the outcome of good model fit sustained. Model 2 was
compared with Model 1, which resulted in a non-significant ΔSBχ2, which supports
the metric invariance of the congruent and incongruent data. For scalar invariance
(Model 3 in Table 7.1), both the factor loadings and the measurement intercepts of
the factors were constrained to be equal across congruency. The Satorra-Bentler chisquare difference test was significant, indicating non-invariance for Model 3 with the
preceding model. The modification indices indicated that the RVIAT2 data parcel
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may have different intercepts for the congruent and incongruent data. As such,
RVIAT2 was released as and the analysis was re-run (Model 3a in Table 7.1). By
releasing this intercept the resulting model was found to show scalar invariance by
congruency. This series of analyses provided evidence of partial measurement
invariance between the congruent and incongruent data of the RVIAT. Following
partial measurement invariance, it is often still possible to assess the equivalency of
latent means (Brown, 2006). Given the aim was predominantly to determine if there
were latent mean differences, partial measurement invariance is adequate for the
current purpose.

Latent Mean Differences of Congruency for the Racial VIAT.
Latent mean invariance was examined for each IAT. This analysis involved
constraining the latent mean of one model to be zero, if this resulted in a significant
latent mean for the other model it showed there was a significant difference between
the means of the two groups (Thompson & Green, 2006). The model resulting from
the assessment of latent mean difference was compared against the scalar invariance
model (Model 3a in Table 7.2), with non-invariance assumed if a significant ΔSBχ2
was shown. Given a significant IAT effect was expected, non-invariance was the
hypothesised outcome of this analysis. The results of this analysis are presented in
Table 7.2.
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Table 7.2
Tests of Latent Mean Difference for Congruency for the Racial VIAT
Model &
Invariance Level

df

SBχ2

CFI

RMSEA

SRMR

3a. Scalar RVIAT2 released

9

18.63*

0.989

0.052

0.043

4. Latent Means

10

101.17**

0.899

0.152

0.224

Model
comparison

Δdf

ΔSBχ2

-

-

-

4 v 3a

1

152.63**

Note. N =198. VIAT = Verbal Implicit Association Task. dfs = degrees of freedom. S-Bχ2 = Satorra-Bentler
Chi-square fit indices. CFI = Comparative Fit Index. RMSEA = Root Mean Square Error of Approximation.
SRMR = Standardised Root Mean Square Residual. Δ = difference. *p < .05. **p < .001.

The above results confirmed a significant difference (population variance) between
the congruent and incongruent data for the Racial VIAT. This implies an IAT effect
had occurred for this task. The output from the scalar invariance analysis provided
further information regarding this difference. It indicated that when the congruent
latent mean was constrained to zero, the resulting incongruent latent mean was
positive (β=.81). This means the participants took longer to categorise the
incongruent pairings of stimuli, as hypothesised.

Equivalency of Responses by Congruency for the Racial PIAT
The simple one-factor CFA model was tested for the combined, congruent and
incongruent data of the Racial PIAT separately. The goodness-of-fit indices for the
Racial PIAT combined data were: S-Bχ2 (2, N=198)=4.89, p=.09; CFI=.996;
RMSEA=.043; SRMR=.012, which revealed good model fit. The goodness-of-fit
indices for the Racial PIAT congruent data were: S-Bχ2 (2, N=198)=5.77, p=.06;
CFI=.990; RMSEA=.069; SRMR=.019. This showed acceptable model fit as three of
the four fit indices demonstrated good fit, and the RMSEA indicated a moderate
level of fit. The goodness-of-fit indices for the CFA model for the Racial PIAT

235
incongruent data were: S-Bχ2 (2, N=198)=4.59, p=.10; CFI=.994; RMSEA=.057;
SRMR=.018, indicating good model fit. The fit indices thus met criterion levels for
the one-factor CFA model for the combined, congruent and incongruent data.

Measurement Invariance of Congruency for the Racial PIAT.
Again the congruent and incongruent data were compared using three types of
measurement invariance: configural (equal form), metric (equal loadings) and scalar
(equal intercepts). The outcomes of these tests are presented in Table 7.3.

Table 7.3
Tests of Measurement Invariance for Congruency for the Racial PIAT
Model &
Invariance Level

df

SBχ2

CFI

RMSEA

SRMR

Model
comparison

Δdf

ΔSBχ2

1. Configural

4

10.40*

0.992

0.064

0.018

-

-

-

2. Metric

7

21.26*

0.983

0.072

0.049

2v1

3

11.44*

2a. Metric –
RPIAT3 released

6

12.59

0.992

0.053

0.026

2a v 1

2

1.38

3. Scalar

9

22.25*

0.984

0.061

0.034

3 v 2a

3

11.88*

3a. Scalar –
RPIAT4 released

8

17.80*

0.988

0.056

0.030

3a v 2a

2

5.98

Note. N =198. PIAT = Pictorial Implicit Association Task. dfs = degrees of freedom. S-Bχ2 = Satorra-Bentler
Chi-square fit indices. CFI = Comparative Fit Index. RMSEA = Root Mean Square Error of Approximation.
SRMR = Standardized Root Mean Square Residual. Δ = difference. *p < .05. **p < .001.

Configural invariance (Model 1 in Table 7.3) was supported as the fit indices showed
adequate model fit. Metric invariance (Model 2 in Table 7.3) was assessed by
constraining the factor loadings to be equal across congruency before comparing
Model 2 with Model 1. The first Satorra-Bentler chi-square difference test resulted in
a significant result. As such, the modification indices were consulted and the loading
for RPIAT3 was released. The resulting model (Model 2a in Table 7.3) was
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compared with Model 1, which produced a non-significant ΔSBχ2. Thus the metric
invariance of the congruent and incongruent data was supported for the Racial PIAT.
The scalar invariance test (Model 3 in Table 7.3) also resulted in a significant
Satorra-Bentler chi-square difference test. The intercept for RPIAT4 was
consequently released and the resulting model (Model 3a in Table 7.3) was found to
show scalar invariance. This series of analyses revealed partial measurement
invariance of the congruent and incongruent data for the Racial PIAT, which as for
the Racial VIAT, was adequate to proceed to the assessment of latent mean
difference.

Latent Mean Difference for Congruency for the Racial PIAT.
The analysis of latent means was compared against the scalar invariance model
(Model 3a in Table 7.4) using ΔSBχ2. Table 7.4 depicts the comparison of latent
mean results.

Table 7.4
Test of Latent Mean Difference for Congruency for the Racial PIAT
Model &
Invariance Level

df

SBχ2

CFI

RMSEA

SRMR

3a. Scalar –
RPIAT4 released

8

17.80*

0.988

0.056

0.030

4. Latent Means

9

19.01*

0.988

0.053

0.030

Model
comparison

Δdf

ΔSBχ2

-

-

-

4 v 3a

1

.57

Note. N =198. PIAT = Pictorial Implicit Association Task. dfs = degrees of freedom. S-Bχ2 = Satorra-Bentler
Chi-square fit indices. CFI = Comparative Fit Index. RMSEA = Root Mean Square Error of Approximation.
SRMR = Standardized Root Mean Square Residual. Δ = difference. *p < .05. **p < .001.

The results of this analysis indicated a non-significant difference (or invariance)
between the congruent and incongruent data for the Racial PIAT. Thus the Racial
PIAT did not produce the expected IAT effect.
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Equivalency of Responses by Congruency for the Country VIAT
For the Country VIAT, the simple one-factor CFA model was tested for the
combined, congruent and incongruent data separately. The goodness-of-fit indices
showed good model fit for the combined data: S-Bχ2 (2, N=198)=.321, p=.85;
CFI=1.000; RMSEA<.001; SRMR=.003. Good model fit was also revealed for the
Country VIAT congruent data: S-Bχ2 (2, N=198)=1.32, p=.52; CFI=1.000; RMSEA
<.001; SRMR=.011. This was also the case for the Country VIAT incongruent data:
S-Bχ2 (2, N=198)=.805, p=.67; CFI=1.000; RMSEA< .001; SRMR=.006. The fit
indices met criterion levels for the one-factor CFA model for the congruent,
incongruent, and combined Country VIAT data.

Measurement Invariance of Congruency for the Country VIAT.
Configural, metric and scalar types of measurement invariance between the
congruent and incongruent data were tested. The outcomes of these tests are
presented in Table 7.5.

Table 7.5
Tests of Measurement Invariance for Congruency for the Country VIAT
Model &
Invariance Level

df

SBχ2

CFI

RMSEA

SRMR

Model
comparison

Δdf

ΔSBχ2

1. Configural

4

2.29

1.000

0.001

0.009

-

-

-

2. Metric

7

5.12

1.000

0.001

0.003

2v1

3

2.89

3. Scalar

10

7.04

1.000

0.001

0.032

3v2

3

1.73

Note. N =198. VIAT = Verbal Implicit Association Task. dfs = degrees of freedom. S-Bχ2 = Satorra-Bentler
Chi-square fit indices. CFI = Comparative Fit Index. RMSEA = Root Mean Square Error of Approximation.
SRMR = Standardized Root Mean Square Residual. Δ = difference.
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Configural invariance (Model 1 in Table 7.5) was supported as the fit indices
demonstrated good model fit. The metric invariance model (Model 2 in Table 7.5)
was compared with Model 1 and produced a non-significant ΔSBχ2. This supports
the metric invariance of the congruent and incongruent data. Measurement invariance
was then further supported by the scalar invariance test (Model 3 in Table 7.5). This
series of analyses indicated strong measurement invariance for the congruent and
incongruent data of the Country VIAT.

Latent Mean Difference for Congruency for the Country VIAT.
The analysis of latent means was compared against the scalar invariance model
(Model 3 in Table 7.6), with the results of the comparison of latent means presented
in Table 7.6.

Table 7.6
Test of Latent Mean Difference for Congruency for the Country VIAT
Model &
Invariance Level

df

SBχ2

CFI

RMSEA

SRMR

Model
comparison

Δdf

ΔSBχ2

3. Scalar

10

7.04

1.000

0.001

0.030

-

-

-

4. Latent Means

11

54.99**

0.928

0.100

0.178

4v3

1

252.52**

Note. N =198. VIAT = Verbal Implicit Association Task. dfs = degrees of freedom. S-Bχ2 = Satorra-Bentler
Chi-square fit indices. CFI = Comparative Fit Index. RMSEA = Root Mean Square Error of Approximation.
SRMR = Standardized Root Mean Square Residual. Δ = difference. **p < .001.

This analysis indicated a significant difference (population variance) between the
congruent and incongruent data for the Country VIAT. It can thus be inferred that an
IAT effect had occurred for this task. The output from the scalar invariance analysis
showed that when the congruent latent mean was constrained to zero, the resulting
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incongruent latent mean was positive (β=.69). This implies that the participants took
longer to categorise the incongruent pairings of stimuli than the congruent, which
was as hypothesised.

Equivalency of Responses by Congruency for the Country PIAT
The simple one-factor CFA model was also tested for the Country PIAT’s combined,
congruent and incongruent data separately. Good model fit was evident for the
combined data of the Country PIAT: S-Bχ2 (2, N=198)=.49, p=.78; CFI=1.000;
RMSEA< .001; SRMR=.004. Good model fit was also revealed for the Country
PIAT’s congruent data: S-Bχ2 (2, N=198)=3.06, p=.22; CFI=.997; RMSEA=.037;
SRMR=.014 and incongruent data: S-Bχ2 (2, N=198)=.98, p=.61; CFI= 1.000;
RMSEA< .001; SRMR=.007. The fit indices thus met criterion levels for the onefactor CFA model of the combined, congruent and incongruent Country PIAT data.

Measurement Invariance of Congruency for the Country PIAT.
Again, configural (equal form), metric (equal loadings) and scalar (equal intercepts)
measurement invariance were tested. The outcomes of these tests are presented in
Table 7.7.
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Table 7.7
Tests of Measurement Invariance for Congruency for the Country PIAT
Model &
Invariance Level

df

SBχ2

CFI

RMSEA

SRMR

Model
comparison

Δdf

ΔSBχ2

1. Configural

4

3.98

1.000

0.001

0.011

-

-

-

2. Metric

7

5.54

1.000

0.001

0.022

2v1

3

1.57

3. Scalar

10

13.70

.995

.031

.032

3v2

3

11.90*

3a. Scalar –
CPIAT4 released

9

11.58

0.996

0.027

0.030

3a v 2

2

9.25*

8

9.19

0.988

0.019

0.027

3b v 2

2

6.10*

3b. Scalar –
CPIAT3&4
released

Note. N =198. PIAT = Pictorial Implicit Association Task. dfs = degrees of freedom. S-Bχ2 = Satorra-Bentler
Chi-square fit indices. CFI = Comparative Fit Index. RMSEA = Root Mean Square Error of Approximation.
SRMR = Standardized Root Mean Square Residual. Δ = difference. *p < .05. **p < .001.

Configural invariance (Model 1 in Table 7.7) was supported by the fit indices
showing good model fit. The metric invariance model (Model 2 in Table 7.7) was
compared with Model 1 resulting in a non-significant ΔSBχ2. This supported the
metric invariance of the congruent and incongruent data. The scalar invariance test
(Model 3 in Table 7.7) produced a significant Satorra-Bentler chi-square difference
test. As such, the intercept for CPIAT4 was released and the resulting model
analysed (Model 3a in Table 7.7). Releasing this intercept still led to a significant
ΔSBχ2. The intercept for CPIAT3 was then released. This model (Model 3b in Table
7.7) still demonstrated a significant ΔSBχ2 when compared with Model 2. If a further
intercept were released the resulting model would have been exactly the same as
Model 2. This implies there is variance between the congruent and incongruent
data’s intercepts and thus, scalar invariance was not supported. Because of this, the
Country PIAT only demonstrated weak or partial measurement invariance between
the congruent and incongruent data. Although not ideal, weak or partial invariance
might suffice for analyses assessing difference in latent means. For instance, Byrne,
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Shavelson and Muthén (1989) demonstrated how to assess differences in latent mean
structures with only partially invariant measuring instruments. Using self-concept
data from high school students they found that invariance evaluations could precede
in the context of partial measurement invariance, however the potential for Type I or
Type II errors must be considered in interpretation of results (Byrne, et al., 1989).

Latent Mean Difference for Congruency for the Country PIAT.
The analysis of latent means was compared against the metric invariance model
(Model 2 in Table 7.8) due to the lack of scalar invariance. The results of the
comparison of latent means are presented in Table 7.8.

Table 7.8
Test of Latent Mean Difference for Congruency for the Country PIAT
Model &
Invariance Level

df

SBχ2

CFI

RMSEA

SRMR

Model
comparison

Δdf

ΔSBχ2

2. Metric

7

5.54

1.000

0.001

0.022

-

-

-

4. Latent Means

8

31.89**

0.967

0.087

0.103

5v2

1

46.37**

Note. N =198. PIAT = Pictorial Implicit Association Task. dfs = degrees of freedom. S-Bχ2 = Satorra-Bentler
Chi-square fit indices. CFI = Comparative Fit Index. RMSEA = Root Mean Square Error of Approximation.
SRMR = Standardized Root Mean Square Residual. Δ = difference. **p < .001.

This analysis indicated a significant difference (population variance) between the
congruent and incongruent data for the Country PIAT, which implies an IAT effect
had occurred for the task. The output from the metric invariance analysis showed that
when the congruent latent mean was constrained to zero the resulting incongruent
latent mean was positive (β=.61). This implies the participants took longer to
categorise the incongruent pairings of stimuli than the congruent, as hypothesised.
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MIMIC Models – The Impact of Covariates on the IAT Effect Scores
MIMIC methodology was applied to assess whether sex, age or travel experience had
significantly influenced the IAT and questionnaire results. The average IAT and
questionnaire scores by sex, age and travel experience groups are presented in Table
7.9. It is noted that for ease of interpretation the age and travel experience data were
separated into two groups before average IAT D scores were calculated.

Table 7.9
Average Scores by Covariates for Each of the Tasks.
Covariate
Females
Males
Under 40s
Over 40s
Less Travelled
More Travelled

Total IAT
Score (D)
0.26
0.25
0.24
0.35*
0.24
0.27

VIATR
(D)
0.41*
0.36*
0.37*
0.51*
0.40*
0.39*

PIATR
(D)
0.15
0.17
0.13
0.30*
0.14
0.17

VIATC
(D)
0.29
0.28
0.27
0.37*
0.26
0.30

PIATC
(D)
0.18
0.20
0.18
0.22
0.16
0.21

MRS

TDQ

1.97
2.15
1.98
2.23
2.01
2.02

1.33
0.93
1.22
1.19
1.34
1.13

Note. N = 198. IAT effect scores (D) <.15 represent non-existent prejudice, .15-.35 implies slight prejudice,
.35-.60 is moderate, and >.60 implies strong negative implicit prejudice (Greenwald et al., 2003). * IAT effect
scores that show a moderate level of prejudice. Higher MRS scores imply greater prejudice, and higher TDQ
scores demonstrate stronger preference for Europe over the Middle East.

An examination of the average IAT effect scores (presented in Table 7.9) indicated a
slight to moderate level of prejudice displayed by the participants, according to
Greenwald et al.’s (2003) guidelines. Overall, there were minimal sex difference for
the IAT effect scores; however, some discrepancy in the scores by age was present.
Older participants appeared to exhibit higher IAT effect scores than the younger
participants (see Table 7.9). A more accurate estimate of these findings was
delivered by the MIMIC analytical technique, which was applied separately to assess
the racial attitude and country attitude data.
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MIMIC Results for the Racial Attitude Construct
The goodness-of-fit indices for the MIMIC model of the race attitude construct were:
χ2 (65, N=198)=70.84, p=.29; CFI=.990; RMSEA=.021; SRMR=.040. All four of the
fit indices indicated that this model replicated the variances and covariances of the
input data very well. The correlational matrix for this analysis is depicted in Table
7.10. Figure 7.3 presents the standardised factor loadings (STDYX) for the racial
attitude MIMIC model.

Table 7.10
Inter-indicator Correlations for the Racial Attitude MIMIC Model
VIAT
2R

VIAT
3R

VIAT
4R

PIAT
1R

PIAT
2R

PIAT
3R

PIAT
4R

VIAT1R
VIAT2R
VIAT3R
VIAT4R
PIAT1R
PIAT2R
PIAT3R
PIAT4R
MRSQ3
MRSQ5
MRSQ12
SEX
AGE
TRAVEL

VIAT
1R
1.000
.427
.476
.457
.310
.346
.127
.141
.091
.116
.138
-.058
.139
-.052

1.000
.463
.290
.262
.278
.106
.141
.136
.046
.127
-.086
.091
-.013

1.000
.495
.316
.295
.200
.213
.063
.111
.124
-.083
.146
.045

1.000
.308
.318
.284
.275
.056
.131
.143
-.031
.197
.083

1.000
.543
.367
.363
.060
.145
.125
.023
.172
.092

1.000
.449
.487
.043
.194
.153
.056
.165
.006

1.000
.456
-.004
.200
.141
.063
-.024
.082

1.000
.031
.142
.090
-.026
.122
.100

MRS
Q5

MRS
Q12

SEX

AGE

TRAVEL

MRSQ3
MRSQ5
MRSQ12
SEX
AGE
TRAVEL

MRS
Q3
1.000
.446
.478
.078
.044
-.056

1.000
.483
.120
.055
-.027

1.000
.065
.115
-.088

1.000
.161
-.040

1.000
.062

1.000
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VIAT1

.54*

ε1

.67*

ε2

.68*

Verbal
IAT

.58*

VIAT2

.73*
.66*

VIAT3

-.13

Sex

.02

.56*
.67*

ε3

VIAT4

.57*

ε4

PIAT1

.56*

ε5

.36*

ε6

.66*

ε7

.11
.24*

.46*

.23*

Age

.17*
.11

Pictorial
IAT

.80*

PIAT2

.58*
.61*

PIAT3

.03
.03

Travel

PIAT4

.24*

.63*

ε8

-.11
.64*

Modern
Racism
Scale

MRS3

.70*

MRS5

.60*

ε9

.52*

ε10

.48*

ε11

.72*

MRS12

Figure 7.3. MIMIC Model of the effects of Sex, Age and Travel Experience on the
tasks measuring the racial attitude construct. *p<.001.

For the racial attitude construct, the paths between Age and the VIAT and PIAT were
both statistically significant (β=.23, p=.005; β=.17, p=.01 respectively). This
indicates older participants produced larger IAT scores, implying that overall they
posessed a stronger anti-Arab/pro-European bias than the younger participants. There
were no significant differences in responses based on Sex or Travel Experience for
this construct.
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MIMIC Results for the Country Attitude Construct
The goodness-of-fit indices for the country attitude MIMIC model were: χ2 (53,
N=198)=51.79, p=.52; CFI=1.000; RMSEA< .001; SRMR=.035. All four of the fit
indices indicated this model also replicated the variances and covariances of the
input data very well. The correlational matrix for this analysis is depicted in Table
7.11. The standardised factor loadings (STDYX) for the country attitude MIMIC
model are presented in Figure 7.4.

Table 7.11
Inter-indicator Correlations for the Country Attitude MIMIC Model

VIAT1C
VIAT2C
VIAT3C
VIAT4C
PIAT1C
PIAT2C
PIAT3C
PIAT4C
TDQ1
TDQ2
SEX
AGE
TRAVEL

VIAT
1C
1.000
.438
.444
.449
.297
.292
.326
.220
.294
.267
-.005
.077
.044

VIAT
2C

VIAT
3C

VIAT
4C

PIAT
1C

PIAT
2C

PIAT
3C

PIAT
4C

1.000
.527
.410
.287
.226
.187
.115
.262
.199
.011
.071
.041

1.000
.381
.201
.248
.235
.129
.175
.088
-.085
.129
.144

1.000
.247
.277
.289
.238
.227
.168
.002
.005
.062

1.000
.528
.449
.381
.298
.257
.055
.079
.005

1.000
.514
.453
.200
.233
.027
.037
-.102

1.000
.396
.179
.207
-.020
.025
-.099

1.000
.190
.199
.030
.017
-.131

TDQ1
TDQ2
SEX
AGE
TRAVEL

TDQ1 TDQ2
1.000
.671 1.000
-.184 -.187
-.083 -.041
-.084 -.035

SEX

AGE

TRAVEL

1.000
.161
.009

1.000
.194

1.000
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.52*

VIAT1

ε1

.69*
.68*

Verbal
IAT

VIAT2

.53*

ε2

.67*
.62*

.55*

ε3

VIAT4

.62*

ε4

PIAT1

.53*

ε5

VIAT3

-.05

Sex

.02
-.22^

.55*
.42*
.69*

.10

Age

.08
-.03

.76*

Pictorial
IAT

PIAT2

.42*

ε6

.67*
.55*
.58*

PIAT3

ε7

.09
-.13

Travel

.67*

ε8

.24*

ε9

.41*

ε10

PIAT4

.40*

-.07

Travel
Destination
Qn

.87*

TDQ1

.77*

TDQ2

Figure 7.4. MIMIC Model of the effects of Sex, Age and Travel Experience on the
tasks measuring the country attitude construct. ^p<.05, *p<.001.

For the country attitude construct, the path from Sex to the Travel Destination
Questionnaire was found to be statistically significant (β=-.22, p=.005). Given the
coding of the sex covariate (1=Females, 2=Males) and the negative sign of this
parameter estimate, males explicitly reported a smaller bias against travel to Middle
Eastern countries than females did. Or specifically, males had a mean Travel
Destination Score .42 units higher than the mean of the females. This is a small to
medium effect size. No other significant pathways were present.
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Discussion
Study Three examined the utility of addressing IAT-related substantive enquiries
using SEM analytical approaches that account for error variance. The first aim of
Study Three was to investigate whether an IAT effect was present for each of the
experimental IATs using the Multiple-groups CFA approach. This strategy revealed
the IAT effect for three of the four IATs, the Racial VIAT, Country VIAT and
Country PIAT. However, this bias was not evident for the Racial PIAT. Such
findings may imply a generalised implicit preference for Europe/ Europeans over the
Middle East/Arabs. The second aim of Study Three was to determine whether IAT
effects were significantly influenced by the age, sex or travel experience of the
participant using MIMIC modeling. Evidence of age bias in the IAT scores for the
racial attitude construct and gender bias in expressed attitudes towards visiting the
Middle East for the country attitude construct were found. The implications of these
results will be discussed, along with the impact of harbouring anti-Arab/proEuropean implicit biases, and the generalisability of the present results. It is argued
that SEM has great potential for examining substantive investigations in implicit
attitudinal research.

Evidence of IAT Effects as Revealed by Multiple-groups CFA
The hypothesis that participants would demonstrate an IAT effect indicating antiArab/pro-European implicit bias was supported for the Racial VIAT, Country VIAT
and Country PIAT, but not the Racial PIAT. A bias against the Middle East in favour
of Europe was expected given the plethora of anti-Middle Eastern information that
has been prevalent in Western media over the last decade (see Cashin, 2010; Dunn et
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al., 2004). The current findings reinforce previous IAT research that reported
evidence of anti-Arab/Muslim bias when compared with Whites, Christians and
Black Africans (Nosek et al., 2007; Park et al., 2007; Rowatt et al., 2005). These
findings support the assertion that a level of ‘Islamophobia’ is present throughout the
Western world (Dunn et al., 2004; Dunn et al., 2008; Islam & Jahjah, 2001; Poynting
& Mason, 2007).

Evidence of Unbiased Attitudes on the Racial PIAT
In contrast to the other tasks, anti-Arab/pro-European bias was not demonstrated for
the Racial PIAT. Rather, latent mean invariance was observed, which suggests the
participants responded comparably to the congruent and incongruent stimuli pairings.
Such unbiased responding is incongruent with the results of the other three IATs as
well as being contradictory to previous implicit attitude research findings (e.g. Nosek
et al., 2007; Park et al., 2007) and explicit attitudinal research in Tasmanian where a
strong negative association with Arabs was reported (Dunn et al., 2008). The current
findings could be argued to demonstrate that the student participants of the
University of Tasmania were unbiased in the face of real photos of Middle Eastern
and European peoples. Previous research has indeed found university populations
tend to provide more egalitarian views than those espoused by the general population
(Nosek, 2007). However, given the hypothesised implicit prejudice was evident for
the other three IATs, further theories for this inconsistent result should be
considered.

It is possible that the apparent lack of bias in the racial PIAT results was due to the
confounding influence of the attractiveness of the pictorial Arab stimuli. The present
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sample were predominantly female (~73%) with a mean age of 25 years. The stimuli
chosen for the Racial PIAT were pictures of Middle Eastern and European people
that were selected to present a positive and unbiased image for each racial group.
IAT stimuli should ideally avoid all possible idiosyncratic connotations that might be
unrelated to the concepts intended for measurement (Steffens et al., 2008), for it is
well known stimuli can play a large role in determining IAT effects (Lane et al.,
2007). Although such issues were considered during stimuli selection, during the
testing process there were many instances where female participants made comment
regarding the physical attractiveness of the male Middle Eastern stimuli. Two
stimuli, shown in Figure 7.5, were particularly commented upon. Physical
attractiveness is known to be a powerful basis for decision-making (Thorndike,
1920). It is thus a definite possibility that these stimuli were categorised primarily on
attractiveness rather than racial belonging. This means the Racial PIAT results were
likely confounded substantially by these stimuli.

Figure 7.5. Examples of the Arab pictorial stimuli that may have led to confounded
categorisation.
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The Influence of Covariates on IAT Effect Scores via MIMIC Modelling
The impact of various participant characteristics on their attitudinal scores was
examined in the final aim of this thesis using MIMIC modelling. Information
regarding which participant characteristics were likely to result in higher or lower
levels of implicit prejudice could be beneficial given the IAT is often used in applied
research settings and as a diagnostic instrument. As such, this information may help
guide which population groups to target for further research or educational
campaigns aimed at acceptance of diversity. The present research examined the
racial-related and country-related attitudes separately.

The Impact of Age on Responses for the Implicit Racial Attitude Construct
For the racial attitude construct, significant paths between the Age covariate and the
VIAT and PIAT latent factors were evident in the MIMIC model. This implies older
participants produced larger IAT effect scores, suggesting they produced a stronger
bias towards Europeans over Arabs than did their younger counterparts. This finding
supports previous research by Nosek et al. (2007) who also found older adults
produced stronger negativity towards Arab/Muslim people (compared to White
people) than was the case for their younger participants. These findings imply older
adults are more racially prejudiced than younger adults, which is reasonable given
the relative socio-cultural environment of Australia half a century ago versus today.

The older participants of the current sample were likely to have been raised in an
Australia characterised by different social norms than that of the younger
participants. Half a centrury ago it was reasonably acceptable to possess negative
attitudes towards minority racial groups (Cashin, 2010; Dunn et al., 2004;
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McConahay et al., 1981; Poynting & Mason, 2007). For instance, the White
Australia policy26 prevailed until the 1970s in Australia (Dunn et al., 2004), which is
around the time some of the ‘older’ participants were being born. As such, it is not
unexpected that these older participants would possess a stronger anti-Arab/proEuropean bias than the younger participants.

The average IAT effect score for the older participants was indicative of a moderate
level of prejudice, whereas the younger participants revealed a slight prejudice
according to Greenwald et al.’s (2003) guidelines. Such findings reveal lower levels
of prejudice than have previously been reported in North American samples (see
Nosek et al., 2007). This discrepancy may imply Australians have greater racial
tolerance than Americans, given Nosek et al. (2007) quote an average D score of .77,
which is very sizeable compared to D=.28 for the current study. It is noted this
discrepancy is likely exacerbated by the inclusion of the much faster PIAT responses
with the VIAT scores for the racial attitude construct in Study Three. Combining the
data in this way produces an overall lower average IAT effect score, which is
reflective of a methodological issue rather than a difference in attitude 27.
Nevertheless, even the Australian VIAT scores (D=.40) were almost half the
magnitude of the reported American results, implying there may be cultural
differences worth exploring in future research.

26

An immigration policy that favoured immigrants from certain European countries, such as the UK.
Specifically, the PIAT scores (M=.16, SD=.04) when combined with the VIAT scores (M= .40,
SD=.05) for the racial attitude construct, substantially lower the average IAT effect score (M=.28,
SD=.13). These findings highlight the difficulty in generalising IAT effect score cut-offs for level of
implicit bias from the VIAT to the PIAT, as it is very unlikely an IAT effect score of X on a VIAT
would imply an equivalent attitude as the same score of X produced by a PIAT. Such issues
associated with the D scoring strategy will be discussed further in Chapter Eight.
27
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Such cultural or age discrepancies, as noted above, may imply there is value in future
cross-cultural or cross-sectional IAT research to assess global and developmental
automatic racial biases. SEM approaches such as Multiple-groups CFA could clearly
be applied to facilitate such investigations by determining whether an IAT effect
score of X in one country or age bracket was comparable to a score of X for the
relevant other group. Use of SEM in this way would enable more accurate
comparisons of IAT group data.

Findings of the MIMIC Analysis for the Country Attitude Construct
The age discrepancy evident for the racial attitude construct did not generalise to the
country attitude construct. Rather, the only significant pathway for the country
attitude construct was between the Sex covariate and the Travel Destination
Questionnaire, which indicated that males explicitly reported a greater preference for
travel to Middle Eastern countries than females did. This is perhaps not surprising,
given that the Middle East is viewed as a very risky location to visit by many
potential travellers in the West (Sonmez & Graefe, 1998) and some have argued that
males are generally less adverse to physical risks than females are (Lepp & Gibson,
2003). Furthermore, the constraints on female travellers are arguably much greater
than males when travelling within Islamic countries. For instance, women are often
required to dress differently (covering head, shoulders, arms and legs at times), are
unable to drive in countries such as Saudi Arabia, may be segregated from males on
transport and at restaurants, and women are typically expected to be accompanied by
a male (Wilson & Little, 2008). As such, the finding that men expressed a greater
likelihood of visiting a Middle Eastern country than women did is understandable.
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Contrary to expectations, the sex difference on the TDQ was the only significant
effect found for the country attitude construct, and did not generalise to the IAT data.
The lack of sex differences evident for the present IAT data was contrary to previous
research by Nosek et al. (2007). Their research found men demonstrated a moderate
level of prejudice against Arab/Muslim names in preference of Other ethnic names, a
finding substantially greater than the slight prejudice revealed by the female
participants (Nosek et al., 2007). For the present study, both males and females
produced average IAT effect scores within the slight prejudice range for the racial
and country attitude constructs. Perhaps a larger study with a broader spectrum of
participants, like the enormous web-based datasets utilised by Nosek et al. (2007)28,
would provide greater discrepancies between the travel experiences of the
participants and enough power to find sex differences if they were present.

Limitations of the MIMIC Approach to Assessing Group Differences
Unlike in multiple-groups CFA, MIMIC models do not assess for measurement
invariance between the groups. As such, in the present study the covariates of sex,
age and travel experience were not examined for between-group equivalency.
Furthermore, the multiple-group CFAs of Study Three were limited to examining
equivalency of the IAT congruent and incongruent data and did not examine the
covariates of interest; sex, age and travel experience. Future research could use the
multiple-groups CFA approach to examine the measurement invariance of relevant
covariates, before then applying the MIMIC methodology to examine the effects of
these participant characteristics on the implicit attitude scores. The use of multiplegroup CFA and MIMIC analytical strategies in conjunction would thus enable a
stronger estimate of the impact of covariates on IAT scores.
28

Nosek et al. (2007) report reviewing more than 22,000 Racial IATs.
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Summary
Study Three produced the expected IAT effect for three of the four empirical IATs.
This reveals a relative bias against the Middle East and its people in preference of
Europe and its people. This bias was found to be greater for older than younger
participants for the racial attiude construct. In the following sections, the implications
of possessing such a bias are presented, along with the generalisability of these
results. Implications arising from the unexpected results of the Racial PIAT are also
examined particularly in relation to the development and use of IATs in applied
behavioural research. It will be argued that stimuli should be extensively piloted
prior to use, and further discussion regarding the construct actually being assessed by
IATs is warranted.

Evidence of Anti-Arab/Pro-European Bias in the Present Sample
Evidence of anti-Arab/pro-European bias was found in the current sample using
Middle Eastern and European first names, country names and images of buildings
such as churches and mosques. A finding of relative bias against the Middle East and
Arabic names in comparison to Europe and European names can be difficult to
appropriately interpret, for it is confounded as to whether such a result predominantly
indicates anti-Arab bias or pro-European views. SEM research by Blanton et al.
(2006) revealed that Racial IAT effect scores were predominantly influenced by a
tendency to associate negative attributes with Black people rather than a tendency to
associate negative or positive attributes with White people. This result is consistent
with substantial evidence that negative attitudes, stereotypes, emotions and events
are more easily formed, more powerful and more resistant to change than positive
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ones (Baumeister, Finkenauer, & Vohs, 2001). Such research suggests that the
findings of the current study are indicative of anti-Arab sentiment rather than antiArab/pro-European views.

The present findings of anti-Middle East/Arab prejudice are supportive of
considerable evidence indicating negative affect towards Arab/Muslims by
Westerners using both explicit and implicit measurement techniques (e.g. Agerström
& Rooth, 2009; Chopra, 2008; Dunn et al., 2004; Dunn et al., 2008; Gibson, 2008;
Park et al., 2007; Rooth, 2010). Anti-Arab sentiment has likely resulted from several
well-publicised socio-political events, including the destruction of New York’s twin
towers by men with distinctively Muslim names and the resultant “War on Terror”
(Dunn et al., 2004; Rashid, 2009). Because of such events, Middle Eastern names are
often presented in the media in association with terrorism, extreme religious
behaviour and other negative connotations (Poynting & Mason, 2007). In addition,
countries such as Afghanistan, Iraq and Lebanon are often linked with war, terrorism,
religious dogma and political instability (Lepp & Gibson, 2003). Likely as a result of
these well-publicised associations, Arabs have been named explicitly as the most
threatening racial group for Australian respondents (Dunn et al., 2008; Islam &
Jahjah, 2001) and the Middle East has been rated as one of the riskiest places to visit
in the world (Kozak, Crotts, & Law, 2007; Sonmez & Graefe, 1998). The present
findings support such prejudices, evidencing implicit bias against Middle Eastern
names as well as the whole Middle East geographic region.
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The Impacts of Harbouring High Levels of Implicit Racial Prejudice
Generalisation of negative attitudes towards not only Middle Eastern people but also
the entire geographic region are consistent with previous research that has revealed
people can easily generalise negative affect towards whole groups of people or
locations based on limited and sometimes incorrect information (Dunn et al., 2004;
Lepp & Gibson, 2003; Sonmez & Graefe, 1998). For instance, Muslims have
reportedly suffered quite dramatically from negative stereotypes associated with
Islamic practices (Dwyer, 1993). Further, entire continents have been generalised as
perilous or safe based on limited and sometimes incorrect information29 (Lepp &
Gibson, 2003). Thus, implicit prejudices can be easily formed with limited rationale,
and are also easily generalisable. Cunningham, Nezlek and Banaji (2004) found that
individuals who possessed implicit racial prejudice against a particular out-group,
such as Arab-Muslims, were likely to also experience consistently negative attitudes
towards other culturally disadvantaged out-groups, such as Black Africans,
homosexuals and the poor (Cunningham, Nezlek, et al., 2004). As such, the antiArab prejudice revealed in the current study could have implications for interactions
with many disadvantaged populations.

As previously mentioned in Chapter Two, high levels of implicit prejudice are
related to the probability of engaging in unambiguously harmful actions towards
members of minority groups (see Rudman & Ashmore, 2007). Although no research
has yet specifically qualified what level of implicit prejudice is required for certain
behaviours to occur (see Blanton & Jaccard, 2006), in general it has been found that
higher IAT effect scores reflect higher propensity to react negatively towards, or
29

In one example, Zambia’s tourism industry was substantially affected by the USA releasing a safety
warning for Zimbabwe (Lepp & Gibson, 2003).
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make decisions that would negatively impact, minority group members (see
Agerström & Rooth, 2009; Green et al., 2007; Greenwald et al., 2009; McConnell &
Leibold, 2001; Rooth, 2010; Rudman & Ashmore, 2007). Such findings (summarised
in Chapter Two) reveal that negative implicit racial biases, of which the individual
may be completely unaware, can have considerable consequences for others. In a
country reportedly committed to the concept of multiculturalism, such as Australia
(Schweitzer et al., 2005), it is worrisome to observe such negative automatic racial
prejudices.

Generalisability of the Present Findings
The present sample revealed the presence of anti-Arab/pro-European bias despite the
use of a population predominantly comprised of university students. As previously
mentioned, university populations are known for having less biased attitudes than the
general population (Nosek, 2007). The finding of such prejudices, despite a student
sample, imply that were the research to be conducted again with a community-based
sample the amount of implicit relative bias against Arabs would likely be comparable
or even greater than that reported by the current sample. Furthermore, according to
the results of the present research, and Nosek et al. (2007), these racially biased
attitudes are potentially likely to be greater for older generations of adults rather than
younger people. Greater bias by older persons is consistent with culturally accepted
norms as evidence by Australia’s history of racially discriminatory legislation (see
Poynting & Mason, 2007). Given Australia has an aging population (Anderson &
Hussey, 2000) the current findings of relative bias against Arabs and the Middle East
are likely to also be evident throughout the greater Australian population.
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Methodological Implications for the IAT Stemming from the Racial PIAT’s
Unexpected Results
In direct contrast to the results of the other IATs, the Racial PIAT did not produce
the expected IAT effect, potentially due to the confounding influence of the
attractiveness of the Arab pictorial stimuli. It is concerning for the robustness of IAT
findings that stimuli selection impacted the IAT effect to this extent. However, such
effects have been documented previously (refer to Chapter Two; see also Dasgupta
& Greenwald, 2001; Gawronski, LeBel, & Peters, 2007; Han et al., 2009; Karpinski
& Hilton, 2001). These studies show that the IAT is not as robust to momentary,
irrelevant contextual considerations as was once believed (see Han et al., 2009;
Karpinski & Hilton, 2001; Olson & Fazio, 2003).

There are two prominent implications for stimuli having such powerful influence
over the IAT effect, and thus the perceived implicit attitudes these scores are meant
to reflect. Firstly, these results imply substantial effort should be focused on piloting
the potential stimuli exemplars used to represent constructs in an IAT. Currently,
detailed piloting of stimuli rarely occurs, or at least, is rarely reported to have
occurred (Fiedler et al., 2006). This is problematic given the current findings that
suggest implicit attitude researchers would do well to pilot stimuli very carefully
during IAT development in case the stimuli are not representative of the constructs
aiming to be measured.

Secondly, if changes in the stimuli can drastically alter the resulting IAT effect score
(see also Dasgupta & Greenwald, 2001) then what exactly is the IAT measuring. Do
IAT’s assess a person’s attitude towards the concept of Europeans versus Arabs, the
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meaning of the stimuli (Iraq, United Kingdom, Poland, Saudi Arabia), the specific
names chosen to be generic stimuli (Abdul, Charles, Habib, Penny), or other features
of the stimuli not accounted for by the researcher (such as “my best friend is called
Penny” or “that guy is really attractive”)? All of these options are in principle distinct
from the general concept of racial prejudice (Fiedler et al., 2006), implying that the
efficacy of the IAT is questionable. At very least, the thorough piloting of stimuli
and the application of SEM strategies to analyse IAT data can help uncover and
potentially address such issues for future research. The aforementioned
methodological and theoretical implications for future IAT research are further
discussed in the next and final chapter, the General Discussion (Chapter Eight).

Chapter Summary and Conclusion
SEM was found to be suitable for avoiding the issues of error variance whilst
assessing substantive enquiries for the IAT. Using Multiple-groups CFA, an implicit
relative bias against the Middle East and its people in preference for Europe and its
people was found for the majority of the IATs. Evidence of prejudice against the
Middle East/Arabs has implications for race relations in Australia and is likely
reflective of similar attitudes amongst the general Australian population. This
preference against the Middle East appeared stronger for the older than the younger
participants of the current study for the racial attitude construct. The unexpected
results of the Racial PIAT have several implications for the use of IATs in applied
behavioural research, which will be discussed further in Chapter Eight.
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It is noted that the MIMIC analyses of the current study provided limited findings
regarding the influences of sex, age and travel experience on the IAT. However, the
potential usefulness of MIMIC models in the assessment of IAT-related substantive
issues has been illustrated. In a larger investigation, these same analytical processes
could easily be adapted to assess the impacts of educational level, socio-economic
status, geographical location, and religious or political identification on explicit and
implicit attitudes. In this way, SEM analytical techniques have been shown to not
simply be a means for providing stringent psychometric validation of measurement
instruments, but also as a useful tool for clarifying theoretical understanding of
constructs and to understand further the broader spectrum of factors that influence
both explicit and implicit attitudes. SEM analytical techniques appear well situated to
facilitate the ongoing use of implicit attitude measures, by providing a much needed
avenue to address the significant issue of error variance for the IAT.
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CHAPTER EIGHT
General Discussion
Introduction
The overall aim of this dissertation was to examine the construct validity of implicit
attitude measures using confirmatory factor analysis (CFA). CFA is a novel approach
in implicit attitudinal research, which has typically failed to adequately account for
non-randomly distributed error variance. The tasks examined were the traditional
verbal Implicit Association Test (VIAT; Greenwald et al., 1998), a fully pictorial
Implicit Association Test (PIAT; Thomas et al., 2006) and the Affective Priming
Task (APT; Fazio et al., 1986). It was demonstrated that implicit attitudinal scores
are comprised of a significant portion of error variance. However, the results
reported in this thesis also demonstrate that once error variance was accounted for,
the IATs had reasonable construct validity. In contrast, even if error variance is
accounted for, the APTs did not show sufficient construct validity.

The first part of this chapter provides a summary of the results of the three studies
presented in Chapters Five, Six and Seven of this dissertation. Following the
summary, a general discussion of the implications of the thesis findings is presented.
Limitations of the current research and directions for future research are also
addressed. It is concluded that the IAT requires continued development and the
application of latent modelling procedures to enable its utility for population-based
research.
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Summary of Results
This thesis is organised in three studies that examine the reliability and construct
validity evidence of three commonly used implicit attitude measures: the verbal
Implicit Association Test (VIAT; Greenwald et al., 1998), the pictorial Implicit
Association Test (PIAT; Thomas et al., 2006) and the Affective Priming Task (APT;
Fazio et al., 1986). Each of these tasks was adapted to assess racial and countryrelated attitude constructs pertaining to Arabs/Middle East versus Europeans/Europe.
This means that the psychometric properties of six implicit attitude measures were
investigated, using a sample population of 198 students of the University of
Tasmania, Australia.

The first study examined the reliability and construct validity of six measures using
single-group Confirmatory Factor Analysis to separate random error from the trait
variance of the implicit attitudinal data. Following on from this, the second study
examined systematic forms of error variance, such as method effects, in addition to
random error using the Multitrait-Multimethod (MTMM) approach to CFA. The
third study examined implicit attitudinal bias using Multiple-groups CFA and
whether certain participant characteristics had influenced the implicit attitude scores
using Multiple Indicators, Multiple Causes (MIMIC) modelling. A summary of the
results of each of the studies, organised by aim, along with the main findings are
displayed in Table 8.1.

Table 8.1
Summary of Main Results for the Thesis
Research Question
Aim

Findings

Conclusion

Study 1 (Chapter 5)
(1) Are the Implicit
Association Test (IAT) and
the Affective Priming Task
(APT) reliable measures of
implicit attitudes?

Assess reliability of IATs
and APTs using
Composite Reliability
and Average Variance
Extracted.

The IATs showed good internal consistency
(CR>.70) but inadequate internal convergent
validity (AVE~.45), indicating trait variance
accounts for < 50% of IAT scores. The APTs
failed both assessments (CR~.1, AVE~.05).

Good internal consistency for the
IATs, but more random error than
trait variance. The APT is not a
reliable measure of implicit attitudes.

(2) Are implicit attitude
measures psychometrically
robust?

Assess internal construct
validity of IATs and
APTs using single-group
CFA.

The IATs had good internal construct validity
(β~.60), but significant error variance was
also evident (β~.45). APT scores were almost
entirely comprised of random error (β~.95).

The IAT is internally robust once
random error variance is accounted
for. The APT is not a valid measure
of implicit attitudes.

(3) Do implicit attitude
measures possess sufficient
convergent and discriminant
validity compared to explicit
attitude measures?

Assess correlations
between the IATs and
questionnaires using
single-group CFA.

The verbal and pictorial versions of the IAT
were strongly related (r=.55). The interimplicit correlations were significantly
stronger than any implicit-explicit correlation.

The new Pictorial IAT (PIAT)
appeared comparable to the
traditional Verbal IAT (VIAT).
Implicit and explicit attitudes seem
to be similar yet distinct constructs.

(4) Are implicit and explicit
tasks assessing a substantial
portion of the trait attitude
construct?

Assess convergent and
discriminant validity of
the IATs using Higherorder CFA.

Both versions of the IAT loaded strongly and
significantly onto a higher-order implicit
attitude factor (β>.70). Explicit attitude
measures loaded onto this same higher-order
factor but to a lesser degree (β~.40).

Strong support for the comparability
of the VIAT and PIAT. The explicit
attitude measures assessed a similar
construct to that of the implicit
attitude measures.
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Research Question

Aim

Findings

Conclusion

Assess the construct
validity of the four
empirical IATs using
CT-CM CFA-MTMM.

The IATs were comprised of 18% trait, 28%
method and 54% random error variance. The
latent method factors were strongly related
(r=.57). The Racial VIAT and Country PIAT
showed good construct validity (trait>method
variance, 32%>14%). The Country VIAT and
Racial PIAT did not (trait<method variance,
5%<41%).

Error must be accounted for before
providing any feedback about
implicit biases. Individual
psychometric validation of implicit
attitude measures is required.
Development of psychometrically
robust IATs appears possible.

(6) What implicit attitudes
were revealed by the
empirical IATs?

Assess equivalency of
congruent/incongruent
IAT responses using
multiple-group CFA.

Test of latent mean difference revealed a
positive IAT effect for the Racial VIAT
(Δχ2=152.63, p<.001), Country VIAT
(Δχ2=252.52, p<.001) and Country PIAT
(Δχ2=46.37, p<.001). No IAT effect for the
Racial PIAT (Δχ2=.57, n.s.).

Overall implicit preference for
Europe over the Middle East
revealed in the present sample.
IAT stimuli can significantly impact
upon the IAT effect.

(7) Do participant
characteristics, such as sex,
age or travel experience,
impact IAT effect scores?

Examine the impact of
covariates on the IAT
effect scores using
MIMIC models.

Older participants showed larger IAT effect
scores than younger respondents on the Race
IATs (β~.20, p<.001). Sex and travel
experience did not significantly impact IAT
results.

Older participants revealed a greater
level of implicit anti-Arab/ proEuropean bias than younger
participants. Demonstration of how
to assess substantive issues for the
IAT using SEM.

Study 2 (Chapter 6)
(5) How much of the IAT
score is implicit attitude and
how much is method effects
or random error?
If error variance is accounted
for, is the IAT a good
measure of implicit attitudes?
Study 3 (Chapter 7)
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Study One
In the first study the reliability and internal construct validity of the APTs, VIATs
and PIATs was estimated using single-group Confirmatory Factory Analysis (CFA;
Jöreskog, 1969). CFA models latent variables by separating the observed scores into
trait and random error components, and are typically used to assess the internal
construct validity of measurement instruments. However, this model was also
applied to estimate internal consistency using Composite Reliability (CR) and
internal convergent validity using Average Variance Extracted (AVE). The results of
these analyses revealed the implicit attitudinal scores to be mostly composed of
random error variance. Figure 8.1, shows that random error accounts for about 55%
of the IAT effect scores and 95% of the APT scores. The large amount of random
error contained in the observed scores emphasises that implicit attitudinal data should
be analysed using CFA.

a) IAT

b) APT

Figure 8.1. Estimated composition of random error variance and trait variance for the
IAT (a) and APT (b) scores.
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Once random error was accounted for in the CFA models, both the verbal and
pictorial IAT formats had adequate internal consistency (CR>.70) and internal
construct validity (β~.60). This suggests that the trait variance component of the IAT
scores (see Figure 8.1a) provided a relatively consistent estimate of the countryrelated or racial-related implicit biases. This means that if random error was routinely
accounted for, the trait component tapped by IATs could provide more adequate
estimates of trait implicit attitudes. In contrast, the APT scores were comprised
almost entirely of random error variance (see Figure 8.1b), with minimal trait
variance measured (CR~.1; β~.15). This suggests that the priming tasks are invalid
measures of implicit attitudes.

Convergent and discriminant validity for the IATs and explicit attitude measures
were examined using three-factor CFA and higher-order CFA, which investigated the
relationships between first- and second-order latent Race and Country Attitude
factors. These analyses revealed the VIATs and PIATs to be comparable, with
substantial covariance between the latent IAT factors (r=.55). In addition, both tasks
loaded strongly and comparably onto a single higher-order implicit attitude factor
(average β=.74 for the VIAT, β=.75 for the PIAT). Strong VIAT-PIAT convergence
is a substantial improvement over previous estimates that had analysed observed
scores, which had only showed small to medium relationships between these tasks
(Thomas, 2008). Discriminant validity between the IATs and attitude questionnaires
was indicated by latent inter-implicit correlations that were significantly stronger
than the implicit-explicit correlations (racial construct: 𝓏=6.11, p<.001; country
construct: 𝓏=3.00, p=.002). This supports the claim that implicit and explicit
attitudes are distinct, albeit similar, constructs (Nosek & Smyth, 2007).
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Study Two
In the second study, method effects were additionally accounted for using the
multitrait-multimethod approach to CFA (CFA-MTMM). The CFA-MTMM analysis
indicated that on average over half of an IAT effect score was attributable to random
error variance, and method variance comprised almost a further third of the score.
This meant that less than a fifth of an average IAT effect score was trait variance (see
Figure 6.3, Chapter Six). The finding that over 80% of an IAT effect score was
attributable to error variance has significant implications for the use of IATs in
applied behavioural research.

CFA-MTMM also delivers a robust estimate of construct validity, whereby good
construct validity is evident when trait variance is greater than method variance
(Byrne, 1998). For the current study, good construct validity was demonstrated for
the Racial VIAT and Country PIAT (trait= 32% > method= 14%). However, the
Country VIAT and Racial PIAT indicated poor construct validity (trait= 5% <
method= 41%), despite being ostensibly very similar tasks. This inconsistency is
problematic and highlights the need for robust psychometric validation of each
individual IAT. However, evidence of adequate construct validity for two of the
IATs suggests that psychometrically robust verbal and pictorial IATs can potentially
be developed.
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Study Three
In the third study, it was determined whether IAT effects were significantly
influenced by participant characteristics. According to IATs, implicit prejudice is
evident when prejudice-congruent (e.g. Arab+Negative, European+Positive) stimuli
pairings are responded to significantly faster than incongruent pairings (e.g.
Arab+Positive, European+Negative). In a novel approach, multiple-group CFA was
used to simultaneously perform CFAs for the congruent and incongruent (“groups”)
to determine whether various aspects of the models were equivalent. In addition,
latent mean differences were tested to determine IAT effects. Implicit bias was
detected in the Racial VIAT, Country VIAT and Country PIAT data, revealing
implicit preference for Europe/European names over the Middle East/Arab names.
No IAT effect was found using the Racial PIAT, with the attractiveness of the Arab
male pictorial stimuli potentially having confounded results for this task.

Lastly, the influence of participant characteristics on IAT scores was investigated
using Multiple Indicators Multiple Causes (MIMIC) modelling. MIMIC models add
covariates indicative of group membership onto the standard CFA model to examine
their direct effects (Jöreskog & Goldberger, 1975). The MIMIC analysis for the
racial attitude construct showed that older participants had stronger implicit prejudice
(D=.40) than the younger participants (D=.25). Contrary to previous research (see
Nosek et al., 2007), no significant effects of sex or travel experience were found to
impact the IAT effect.
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Summary
The overarching results of this thesis have demonstrated the utility of CFA
approaches in estimating the validity of reaction-time based assessment of implicit
attitudes. CFA can be used as a systematic framework to examine psychometric
properties of implicit attitude measures. In particular, CFA allowed for the separation
of trait from error variance, and appears to be a useful approach to analyse implicit
attitudinal data.

The present results demonstrated that implicit attitude scores are characterised by
high levels of error variance. Potential sources of measurement error for implicit
attitude measures were outlined in Chapter Three. They include random sources of
error, such as natural variability in motor execution and attentional lapses, as well as
systematic forms of error, namely block presentation order, task-switching ability
and processing speed. The cumulative effect of this measurement error is that it
significantly confounds the estimate of trait implicit attitude produced by these tasks.
This thesis found the APT to be an invalid measure of implicit attitudes because it
almost solely assessed error variance; as such it is inadequate for use in applied
research settings. In contrast, both verbal and pictorial versions of the IAT had
adequate construct validity after error variance was controlled for. This means that
when error is addressed using latent modelling approaches, the trait variance that is
tapped into by the IAT has the potential to provide a valid assessment of implicit
attitudes. This implies that the IAT has potential utility for applied research, but that
analytical approaches such as CFA are required to facilitate this use.
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Implications of the Current Research
The finding that significant error variance confounds implicit attitudinal data has
important implications for the use of implicit attitude measures in applied research.
In particular, the poor psychometric properties of the APT suggest that it should not
be used if valid assessments of implicit attitudes are aimed for. In contrast, the
VIATs and PIATs have the potential to deliver reliable and valid assessment of
implicit race-related attitudes. However, latent variable models are required to
facilitate this use by addressing the significant amount of error variance in the IAT
scores. This requirement has implication for the valid use of individualised feedback.

Implications for the Valid Use of Implicit Attitude Measures
Implications for the Validity of using Affective Priming Tasks to Assess Attitudes
In Study One, the priming measures (APTs) were found to barely assess the attitude
constructs and to do so inconsistently. The poor reliability and validity evident for
the APT suggests limits to its use in applied research, if these results can be
generalised beyond the current studies. The standard APT script was applied in this
thesis, as available through the Inquisit program (Millisecond Software, 1996) and as
recommended by Fazio (personal communication, 14 May, 2009). The data produced
using these standard scripts delivered consistently poor results for both the Racerelated and Country-related constructs. This suggests poor reliability and validity
might not be limited to the current study, especially since previous research also
suggests poor psychometrics for the APT. For instance, Krause et al. (2010)
examined the reliability of several implicit self-esteem measures and found suboptimal reliabilities for the APT (r=.29). Further, Falk et al. (2013) found poor
validity evidence for the APT when measuring implicit self-esteem in Canadian and
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Japanese participants, concluding the APT is not suitable for individual or crosscultural research. These findings support the conclusions of the current thesis - that
the APT is neither a valid nor stable measure of implicit attitudes.

The results of this thesis corroborate previous evidence of poor validity for the APT,
implying researchers should not rely on the APT to assess implicit attitudes
accurately. It is of great concern that priming techniques have been used in applied
psychological research for almost thirty years without sufficient psychometric
validation. The results of this thesis imply that implicit biases are better assessed
using the IAT, though as discussed presently; this test also has inherent limitations.

Implications for the Validity of using Implicit Association Tests to Assess Attitudes
Verbal Implicit Association Test (VIAT).
The verbal form of the IAT (VIAT) is the most widely used and researched implicit
attitudinal technique (Spence, 2005), and has previously been subjected to a plethora
of reliability and validity investigations. However, previous investigations of the IAT
typically examined observed scores (e.g. Greenwald et al., 2009; Rudolph et al.,
2008), which were demonstrated in the current thesis to be highly confounded by
error variance (see also Siers & Christiansen, 2013). The present research applied a
novel approach for IAT studies by addressing error variance using CFA, thereby
providing a critical extension of previous research.

Study One provided psychometric support for the racial and country VIATs, with
good internal consistency (CR=.76 for both), internal convergent validity (AVE=.44
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for both) and internal construct validity demonstrated by the CFA models (latent
construct factor loadings >.58 for the Racial VIAT, >.60 for the Country VIAT).
Both VIATs also loaded substantively onto their respective second-order latent
attitude factors (β=.74 for both). The VIATs thus provided a relatively consistent
measure of the trait constructs once error variance was accounted for. In addition,
Study Two demonstrated strong construct validity for the Racial VIAT using CFAMTMM, as trait variance was greater than method variance (29% versus 17%). In
Study Three, this same task provided evidence of anti-Arab prejudice in the sample,
illustrating the functional utility of this measure.

However, the Country VIAT was not found to possess good construct validity in
Study Two, as the trait variance was substantially less than the method variance (4%
versus 41%). This was despite the fact that both the Country and Racial VIATs were
identical with only the attribute name stimuli differing (personal names versus
country names). Such inconsistencies make it difficult to ascertain whether VIATs in
general have good construct validity. Previous research by Siers and Christiansen
(2013) reported greater method variance than trait variance for three different
personality VIATs, which means they all would have failed the strict assessment of
construct validity applied in Study Three. Such findings suggest caution in using
VIATs as measures of implicit attitudes. However, the fact that the VIATs have
demonstrated some construct validity, once error variance was accounted for, implies
that it may be possible to develop VIATs that could produce valid estimates of
attitudinal constructs. Accordingly validated IATs would need to be highly refined
and standardised measures that routinely demonstrate greater trait than method
variance.
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In summary, VIATs appear to have potential for use in applied research settings with
sample populations as a measure of implicit bias. However, significant psychometric
validation, involving CFA and CFA-MTMM, as well as the use of latent modelling
techniques for the analysis of IAT data would be required to facilitate this potential.

Pictorial Implicit Association Test (PIAT).
The PIAT performed very comparably to the traditional VIAT in all analyses. As
such, Study One demonstrated adequate support for the PIAT’s reliability (CR=.76
for Racial PIAT, CR=.77 for Country PIAT), internal convergent validity (AVE=.45
for Racial PIAT, AVE=.46 for Country PIAT), and internal construct validity (latent
construct factor loadings >.60 for the Racial PIAT, >.58 for the Country PIAT).
Furthermore, both VIATs and PIATs loaded comparably and strongly onto the
second-order latent attitude factors (Racial attitude: β=.74 VIAT, β=.77 PIAT;
Country attitude: β=.74 VIAT, β=.72 PIAT), which strengthens the construct validity
of the measures and the comparability of the IAT formats. In Study Two, the VIAT
and PIAT latent method factors were found to be substantially related (r=.57), further
reinforcing the equivalency of these tasks. Such findings provide the first
psychometric support for the construct validity of a fully pictorial IAT.

PIATs offer two notable advantages over the traditional VIAT methodology. PIATs
produce significantly faster reaction times than VIATs, increasing the automaticity of
the task and allowing for greater numbers of trials to be run (see also Baron &
Banaji, 2006; Dasgupta et al., 2000; Thomas, 2008). This effect was corroborated in
this thesis. Increased automaticity is likely due to pictorial stimuli requiring less
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effortful processing than word stimuli (Carr et al., 1982; Glaser & Glaser, 1989).
Higher automaticity in the quicker processing of pictorial over verbal stimuli could
theoretically result in an even more automated (or unconscious) impression of the
participants’ biases. Furthermore, faster reaction times allow participants to complete
the same number of trials in a shorter period of time, which may reduce fatigue or
difficulties sustaining attention for the participants. These faster reaction times also
enable researchers to run more trials without fatigue effects than has previously been
possible. Increasing the number of trial has been suggested to increase the reliability
of the IAT (Siers & Christiansen, 2013). Using the Spearman-Brown Prophecy
formula, these authors suggested that the number of trials in their IATs would need
to be increased from 96 to 485 trials to gain an adequate reliability level. This
estimate is not dissimilar from the 408 trials used in the current study, which did
reveal adequate reliability estimates for the IATs (see Study One). The routine use of
PIATs would substantially reduce the time taken to complete over 400 trials and thus
could be encouraged as one avenue for increasing the general reliability of IATs.

The second methodological advantage of the PIAT is that it avoids the need for
verbal fluency, thereby expanding the possible participant pool for the task. For
example, young children were previously excluded from IAT investigations due to a
lack of verbal fluency, but are now able to participate using the PIAT (Thomas et al.,
2007). The study of implicit attitudes in very young children has potential to provide
rich information regarding the development of implicit stereotypes (e.g. Cvencek et
al., 2011; Dohnt & Tiggemann, 2005; Thomas et al., 2007). The PIAT could also be
used for cross-cultural research, as pictorial stimuli do not require specific language
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comprehension30. Such research may enhance theoretical understanding of implicit
biases across sociological and geographical divides.

Summary
The APT was shown to have limited applied use due to a lack of reliability and
validity, whereas both forms of the IAT appeared to have the capacity to deliver
valid estimates of implicit attitudes. Yet the high amount of error variance generated
by IATs and difficulties associated with the IAT effect score provide some
significant limitations that require consideration for future research.

Future Use of Implicit Attitude Measures
The key finding of this dissertation is that substantial amounts of error variance
confound implicit attitudinal scores. Because of this, the main implications for future
research are that 1) latent modelling analytical strategies such as CFA are required to
account for the error variance in implicit attitudinal data and 2) each implicit
attitudinal measure requires thorough psychometric validation to support its use.

The Use of Structural Equation Modelling in Implicit Attitudinal Research
SEM strategies have previously been mainly applied to explicit attitude measures
(e.g. Burns et al., 2006; Hendrick, Fischer, Tobi, & Frewer, 2013; Nelson, Benson, &
Jensen, 2010) and have only sporadically been used to assess laboratory measures
such as the IAT (e.g. Blanton, et al., 2006; Cunningham et al., 2001; Nosek &
Smyth, 2007; Siers & Christiansen, 2012). This thesis has shown that latent variable
approaches are extremely useful for analysing and interpreting implicit attitude data.
30

It is noted that substantial effort would be required to develop stimuli that are interpreted reasonably
equally by all participants. Multiple-groups CFA is one approach to ensure equivalency of stimuli.
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The CFA-MTMM analysis in Study Two demonstrated that over 80% of an IAT
effect score is composed of error variance. In other words, random and systematic
errors are the major contributors to the IAT effect score, and the implicit attitude
construct comprises a relatively small portion of the observed scores. These
influences are demonstrated in the conceptual model presented in Figure 8.2. This
model illustrates that observed IAT scores do contain trait variance, but are highly
confounded by random and systematic error. The use of latent modelling procedures
enabled greater clarity regarding the extent of this influence, with random error
shown to contribute over 50% of the IAT effect scores, systematic error about 30%
and trait variance less than 20%.

Figure 8.2. Conceptual diagram of contributing influences for IAT effect scores,
with implicit attitudes tapped by the measure highlighted.
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The large proportion of error variance in IAT scores makes it virtually impossible to
gain a clear idea of the supposed underlying implicit attitudes using traditional
analytical approaches that rely on observed scores. To adequately examine attitudes
of interest, highlighted in yellow in Figure 8.2, latent modelling techniques like SEM
are crucial to partial out the unwanted non-trait-related variance. The present
research suggests that all future implicit attitudinal research would do well to use
latent variable approaches to analyse IAT data. Research that fails to account for
error variance in this way is very unlikely to provide an accurate reflection of the
participants’ implicit associations and should be treated with caution.

The routine application of SEM to all implicit attitude data would likely result in two
substantial benefits. Firstly, SEM will greatly enhance the validity and efficacy of
implicit attitude measures by addressing the significant issue of error variance in IAT
effect scores. Secondly, applying SEM in this way should help increase the
psychometric standards of laboratory techniques such as the IAT. This will allow
more confidence in IAT findings.

Limitations of the IAT Effect Score as Currently Calculated
The need for SEM has significant implications for the use of the IAT effect score as
a diagnostic tool of personal implicit prejudices. Current practice is that on
completion of an IAT, the participant is provided with an indication of how strong
their implicit bias is for X over Y construct based on the strength of their IAT effect
score. IAT effect scores are interpreted using Greenwald et al.’s (2003) guidelines,
whereby moderate levels of prejudice are indicated by D effect scores greater than
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.35. Although arbitrary in nature (Blanton & Jaccard, 2006), these cut-off scores
ostensibly provide some indication of the general level of prejudice revealed by the
IAT. However, the present research has indicated limitations to implementing the
IAT effect score in this way. In future, IAT effect scores would need to be
standardised across IAT type and must account for error variance.

IAT Effect Score Comparability between IAT Types.
IAT effect score cut-offs, as described by Greenwald et al. (2003), are not easily
transferred to findings produced using the PIAT. On average, the PIAT delivers
much smaller IAT effect scores than the VIAT (Thomas, 2008). This difference
reflects the fact that pictorial stimuli are easier to categorise than verbal stimuli (see
Carr et al., 1982), rather than indicating a difference in attitudes. Similar issues for
the IAT effect score have previously been noted for age and intelligence (Blanton et
al., 2006; Hummert et al., 2002). Faster overall reaction times for the PIAT reduce
the total discrepancy between the average congruent and incongruent reaction times,
thereby resulting in a smaller IAT effect score. The greater efficiency of the PIAT
thus makes it very difficult to compare ‘prejudice levels’ between verbal and
pictorial-based IAT research. Development of comparison scores for the VIAT and
PIAT could be a useful avenue for future research that would enable meaningful
research discussion across method types.

IAT Effect Scores as a Measure of Individual Bias.
The use of SEM to analyse IAT data poses an even greater problem than
comparability for IAT estimates of implicit bias. This thesis has emphasised the need
for SEM analytical strategies to account for significant error variance in the IAT
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effect scores. However, SEM approaches can only ever deliver an estimate of an
individual’s effect score based on the scores of a whole sample population (see
Skrondal & Laake, 2001). This means that although it is theoretically possible for an
individual’s IAT effect score to be determined using SEM, at best it could only ever
produce a quasi-individual diagnostic estimate. Even then, the practicability, or lack
thereof, of such an approach would render the concept implausible. This means that
in order to gain theoretically meaningful results from IATs using SEM, IAT research
must be constrained to examining implicit bias at the sample population level rather
than an individual by individual basis. Because of this, it appears inappropriate to
present feedback regarding personal implicit prejudices when the task is not sensitive
enough to provide this accurately. Nevertheless, individual feedback continues to
routinely be presented, e.g. Project Implicit (https://implicit.harvard.edu/implicit/;
Greenwald et al., 2011). Given the current findings, it is strongly suggested future
IAT research provide summarised findings at a sample population level, after SEM is
applied, rather than providing personal, and potentially misleading, feedback to
participants.

Individual Validation of Each Implicit Attitude Task
Inconsistencies evident between the psychometric properties of the implicit attitude
measures suggest that individual psychometric validation is required for each and
every adaptation of the IAT.
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Psychometric Validation of IATs.
The IAT was designed to be easily adapted to assess many and varied constructs
(Greenwald et al., 2009; Spence, 2005). However, in trying to be so adaptable, the
IAT appears to have forfeited the ability to be a consistently valid measurement
technique. In Study Two it was demonstrated that two of the four empirical IATs did
not pass the stringent CFA-MTMM assessment of construct validity, despite being
ostensibly very comparable techniques. For instance, the only difference between the
Racial VIAT (which had good construct validity) and the Country VIAT (which did
not) was the category-based stimuli for one task depicted Middle Eastern and
European first names (e.g. ‘Habib’ or ‘Penny’), the other Middle Eastern and
European country names (e.g. ‘Iraq’ or ‘Ireland’). These discrepant results suggest
IATs cannot easily and validly be applied to assess many and varied constructs, but
rather each and every IAT requires thorough psychometric validation, as per the
lengths outlined in this thesis (see also Lane et al., 2007).

Thorough Piloting of Stimuli Exemplars.
All components of an IAT will require thorough validation, including the stimuli and
category exemplars. This is critical given the stimuli, for instance, can significantly
influence the outcome of an IAT, as was evident for the Racial PIAT in Study Three
(see also Dasgupta & Greenwald, 2001; Lane et al., 2007). Stimuli development is a
key component of a successful and valid IAT. However, there are currently no
standardised rules to aid stimuli set construction. Stimuli exemplars are typically
suggested to be as specific as possible (Han et al., 2009) and to not be confused by
valence (Fiedler et al., 2006). As such, reasonably neutral stimuli such as
“Afghanistan”, “Habib” or “Mosque” would be viewed as more appropriate stimuli
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for a VIAT assessing attitudes towards the Middle East than “Terrorist” or “Torture”.
However, it has been argued these latter depreciative terms, although unlikely to
represent the experimenter’s notion of the Middle East, may be very representative of
the associative structure of a prejudiced individual (Fiedler et al., 2006). In this way,
neutral stimuli may actually act to conceal negative attitudes expressed by a highly
prejudiced person. Development of one ideal set of stimuli considered representative
of all attitudinal positions is thus likely to be very difficult.

Valid Use of the Implicit Association Test for Future Research
The Implicit Association Test was designed to assess many and varied constructs
(Greenwald et al., 1998; Lane et al., 2007), yet there are no standardised rules for the
construction of viable IATs (Fiedler et al., 2006). This is highly problematic for the
development of a reliable and valid measurement instrument, as changes in stimuli
(Study Three; see also Dasgupta et al., 2000), category exemplars (Han et al., 2009),
and testing context (Lowery et al., 2001) can all highly influence the IAT results and
the psychometric properties of these measures (see results of this thesis, also Lane et
al., 2007). An easily adaptable measure that is also psychometrically robust seems
improbable. Highly standardised and psychometrically valid measures, such as IQ
tests for instance, cannot be changed on the whim of a researcher for it is evident that
any changes to the format and questions will affect the veracity of the result. In order
for the IAT to increase psychometric robustness, emphasis on standardisation and
validation of a small number of IATs, rather than extensive applications, should be
the primary focus.
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Valid use of the IAT in applied research requires the tasks are first well validated,
like the Racial VIAT and Country PIAT of the present research. Such standardised
IATs would need to demonstrate greater trait than method variance, and use
validated and representative stimuli and category exemplars. When these IATs are
applied to investigate the implicit attitudes of a sample population, the data would
require analysis using latent modelling approaches to account for the significant error
component of the scores. In order to provide individual assessments of implicit bias,
development of an IAT effect score that incorporates a correction for error would be
necessary. A standardised set of comparison latent-based scores that could be used to
estimate level of individual prejudice from a participant’s observed IAT scores may
also be an option. These endeavours would require extensive research, but are
theoretically possible avenues for future assessments of implicit bias.

Summary
Significant implications for the future use of IATs and APTs were realised through
the present research. The APT was shown to be an inadequate measure of implicit
attitudes and should be restricted to task development aimed at improving its
reliability and validity. In contrast, both the VIAT and PIAT appear to have potential
for use in applied research even though significant efforts to manage the large error
component of the IAT effect scores are required. Future IAT research should
concentrate on psychometric development using latent modelling techniques and
standardisation of a small number of measures in order to increase consistency and
validity of implicit prejudice assessment. With continued development and
psychometric investigation it is possible the IAT may yet prove suitable for
providing valid insights into unconscious biases.
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Limitations of Current Research
Limitations of the CTCM CFA-MTMM Model
The CTCM CFA-MTMM analysis provided critical evidence for the high proportion
of error variance within IAT scores, a central argument for this dissertation.
However, it must be noted that the CTCM CFA-MTMM approach is known to suffer
from convergence and admissibility problems, often due to empirical
underidentification (Lance, Noble, & Scullen, 2002). Underidentified models have
less known parameters than unknown parameters. This is problematic as there are
infinite number of parameter estimates that may result in perfect model fit (Brown,
2006). CTCM models are thus prone to producing improper solutions with out-ofrange parameter estimates (Marsh & Grayson, 1995). It has been argued that CTCM
models require an excessive amount of parameters, causing the MTMM structure to
become ‘overparameterized’ (Geiser, Eid, & Nussbeck, 2008). Because of this, it has
been suggested that model parameter estimates may be underestimated in CTCM
modelling, presenting unrepresentatively low or even non-significant factor loadings
(Geiser, et al., 2008). Given these limitations, there is a possibility that the estimates
of trait variance found in these studies may be an underestimate of the true trait
variance. The impact of different CFA-MTMM model specifications on trait, method
and error variance estimates for IAT data is worthy of future research investigation.
However, given the nature of the low trait validity estimates obtained, it is still likely
that assessment of the trait variance using other models (e.g. CTCM-1) would
produce low values.
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Advantages of Including Additional Implicit Attitude Measures
The findings reported in this thesis are limited to the APT and IAT, and as such it is
not possible to ascertain whether high error variance is a problem shared by all
implicit attitude measures. There are currently numerous implicit attitudinal
techniques available, including the Go/No-Go Association Task (GNAT; Nosek &
Banaji, 2001), the East Affective Simon Task (EAST; De Houwer & De Bruycker,
2007), the Affect Misattribution Procedure (AMP; Payne, Cheng, Govorun, &
Stewart, 2005), and the Name-Letter Test (NLT; Nuttin, 1985), as well as more
recent variants of the IAT and APT, such as the Single-Category IAT (SC-IAT;
Steinman & Karpinski, 2008) and the Response-Window APT (RW-APT; Krause et
al., 2012). Additional implicit attitude measures in the current research would have
furthered the generalisability of the findings and increased opportunity for assessing
convergent validity amongst the implicit attitude measures. It is expected that high
error variance also affects the newer implicit attitude measures, given recent findings
of questionable validity for these tasks (Buhrmester, Blanton, & Swann, 2011; Falk
et al., 2013). For instance, Falk et al. (2013) stated there has been “no improvement
in the validity of these new (implicit attitude) measures” (p.21). Such findings
indicate the need for thorough psychometric investigation of all implicit attitude
measures, which is a critical avenue for future research.

Advantages of Including Additional Explicit Attitude Measures
Additional explicit attitude measures in this research could have provided a more
conclusive estimate of the discriminant validity between implicit and explicit attitude
measures. This is because the factor loadings for each measurement type could have
been compared to ensure consistency. For the racial attitude construct, the Symbolic

285
Racism 2000 Scale (Henry & Sears, 2002) would have been a useful comparison for
the Modern Racism Scale (MRS; McConahay et al., 1981), as it was devised
specifically to accommodate the MRS’ limitations. For the country attitude construct,
further research would have been required to devise another explicit country attitude
questionnaire. The additional measures could have enabled a comparison of the
relationships between latent implicit and explicit attitudes using higher-order CFA,
with a comparison of one-factor versus two-factor second-order models. Such an
examination would enable greater clarity as to whether implicit and explicit attitude
measures are better conceptualised as similar or distinct constructs (see p.280).

Representativeness of the Sample Population
A convenience sample predominantly drawn from the University of Tasmania was
used for the current research. Although participants were sourced from campuses in
South, North and North-Western Tasmania, such a sample is still University-based
and thus unlikely to be representative of the Tasmanian or Australian populations.
Further demographic information, including the occupations of the participant or
their parents, educational level of their parents, and suburb of residence, would have
helped facilitate an estimate of the representativeness of this sample. Future applied
research may choose to employ a community-based participant sample to overcome
this limitation.

Limitations of IAT Stimuli
Representativeness is also important in the selection of IAT stimuli. Given what is
now known, the selection of stimuli may have required greater consideration during
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task development. The finding that the Racial PIAT did not produce the expected
IAT effect highlights the importance of extensive piloting of suitable and
representative stimuli exemplars. The development of a standardised set of validated
stimuli for use with implicit attitude measures would be beneficial for applied
research. Use of open science forums that encourage collaboration amongst
researchers may be one way of facilitating the development and dissemination of
such validated items (e.g. The Open Science Framework; Spies & Nosek, 2012).

Limitations of the Explicit Travel Assessment
A more precise estimate of travel experience may have proved beneficial. Specific
questions relating to travel experience within Islamic or Middle Eastern countries
may have aided the MIMIC analysis of Study Three31. Furthermore, enquiring
whether the participants knew or were friends with anyone from the Muslim faith or
Middle Eastern background may have enabled the friendship hypothesis to be
evaluated. The friendship hypothesis states that the prejudice levels of people who
are friends with/or in regular contact with members of the out-group, such as
Arab/Muslims, are significantly lower than those who do not have contact with outgroup members (Cashin, 2010; Pettigrew, 1998; Saad, 2006). Were participants to
have rated level of interaction with Arab/Muslims, as opposed to travel experience, it
may have been possible to ascertain whether such relationships do have a mediating
influence on implicit prejudice. Future research may investigate this matter further.

31

It is noted that given the predominance of university students in the sample, the likelihood of many
of them having the financial means to explore the Middle East by this stage of life is perhaps limited.
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Directions for Future Research
Based on the findings of this dissertation, the following outline some potential
avenues for future research.

Psychometric Validation of Implicit Attitude Measures
Thorough psychometric validation using SEM is strongly encouraged for all implicit
attitude measures being used in applied research. This includes all IAT adaptations,
as well as more recent implicit attitudinal techniques, such as the EAST or AMP.
Recent validity assessments have not yet provided promising evidence for the
robustness or veracity of these techniques (Buhrmester et al., 2011; Falk et al., 2013;
Krause et al., 2010; Rudolph et al., 2008). However, the Racial VIAT and Country
PIAT of the present research were found to possess good construct validity using
CFA-MTMM. Further SEM-based research would aid psychometric validation of
these instruments and help clarify the potential functional utility, or not, of these
tasks.

Application of SEM to Further Theoretical and Psychometric Investigation
SEM strategies proved a useful analytical approach to facilitate task validation in this
thesis. Further SEM-based research opportunities are outlined, which show SEM can
be used to obtain greater theoretical understanding of implicit and explicit attitude
concepts, as well as further psychometric investigation.
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Higher-order CFA
The theorised relationship between implicit and explicit forms of attitude assessment
has been contentious (Cunningham, Nezlek, et al., 2004; Krause et al., 2010; Nosek
& Smyth, 2007). Higher-order CFA can assist in determining whether implicit and
explicit attitudes are more appropriately viewed as distinct constructs or different
expressions of the same underlying construct. The experimental design involves a
comparison of model fit for two second-order CFA models. Data from two implicit
attitude measures and two explicit attitude measures is required. The two-factor
second-order CFA model represents distinct second-order implicit and explicit
attitude factors; the one-factor second-order CFA model represents a general attitude
factor. If the two-factor second-order model provided better model fit than the onefactor solution it would imply that implicit and explicit attitudes are most suitably
conceived as distinct constructs. Alternatively, if the one factor model had superior
fit then a singular attitudinal construct would be implied. In this way, greater
theoretical clarity regarding implicit and explicit attitudes would be facilitated.

Reliability Estimation
Higher-order CFA models can also be used to examine omega-hierarchical
reliability, which can be conceptualised as an extension of composite reliability (CR)
estimation (applied in Study One). The hierarchical coefficient omega examines the
extent to which all of the items in a test measure the same latent variable (Zinbarg,
Revelle, Yovel, & Li, 2005). However in contrast to CR, the hierarchical coefficient
omega determines how much of the indicators are accounted for by the second-order
factor, rather than the first. Hierarchical coefficient omega may thus prove a useful
tool for further validation of the IATs by analysing how consistently and how well

289
the latent implicit attitude construct is being measured. Although beyond the scope of
the current research, longitudinal research examining the stability of IATs over time
using a test-retest approach, would also be critical for establishing the reliability of
implicit attitudinal techniques. Here, the use of multiple implicit and other attitude
measures would provide more robust estimates of the stability of implicit attitude
measurement over time. Multiple-method longitudinal designs would also allow the
convergent and discriminant validity of implicit attitude measures to be assessed at
both trait (stable) and occasion-specific (momentary) levels. Using a SEM
framework, a future longitudinal approach might provide more comprehensive
reliability and validity estimation for IAT data.

Further Identification of Systematic Error Influences for IATs
Significant method effects were found to influence IAT effect scores in Study Two.
Several potential causes of systematic error for IATs were outlined in Chapter Three.
Future research could investigate the specific impacts of particular sources of method
effects for the IAT using the CFA-MTMM analytical framework. For instance, two
IATs could be designed to capture different method effects and then compared using
the CFA-MTMM methodology. Additionally, systematic factors such as
intelligence, general processing speed, or task-switching ability could be determined
using an intelligence test or a non-attitude based reaction-time measure, and then the
results could be added as covariates using the MIMIC methodology to ascertain
whether such systematic influences significantly impact the IAT effect scores. These
analyses have the potential to clarify the relative influence of systematic forms of
error variance on IAT effect scores.
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Establishment of IAT Scoring Procedures that Account for Error Variance
The endeavour of accounting for error variance in the scoring process of IATs is an
important area for future research. Were it to be possible, a new scoring process that
accounted for error would deliver a much more robust estimate of implicit prejudice
than currently produced by Greenwald et al.’s (2003) D score. In the meantime,
participants can be provided with summarised feed-back based on the pooled
participant’s data that has been analysed with CFA. Future research may invest in the
development of a standardised set of latent scores that can be reliably related to
observed IAT scores in order to deliver an estimate of individual implicit bias. Such
an endeavour would require extensive research and validation. In the interim, IAT
research should be constrained to the assessment of sample populations that can be
analysed with CFA.

Population-based Research: Cross-sectional and Cross-cultural Designs using
the PIAT
Research of sample populations can provide useful insights into group attitudes, as
well as shifts in attitude over time and location. A cross-sectional study examining
implicit racial attitudes in children (using the PIAT) through to the elderly would
provide an array of information regarding the development of attitudes across the
lifetime32. It may also elucidate additional information regarding method effects such
as the impact of age on general processing speed. The PIAT may also prove useful
for examining attitudinal formation and development for specific attitudinal
constructs. For example, Thomas et al. (2007) found a gender difference in preschool
32

Multiple-methods of attitude assessment are advantageous both in longitudinal and cross-sectional
research, as this strategy might provide a more robust overview of the participant’s attitudes. Given
the high proportion of error variance in implicit attitude measures, all analyses would need to be
conducted using SEM procedures.
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respondents’ attitudes towards body size using a Thin/Fat PIAT, with girls showing
the ‘thin is good, fat is bad’ ideology at a much younger age than the boys. Such a
finding could have important clinical implications for development of body
dissatisfaction and disturbance in girls (Hendy, Gustitus, & Lietzel-Scwalm, 2001;
Lowes & Tiggemann, 2003). Whether this effect is consistent across constructs could
be investigated to determine if it is specifically body size that young girls are attuned
to earlier than boys, or if boys in general internalise implicit attitude constructs at a
later age than girls. There is also great potential for utilising the non-language
dependent qualities of the PIAT for cross-cultural investigations, as previously
discussed. In summary, were well validated VIATs and PIATs to become available,
there are many applications for future research using these measures to address
research enquiries of theoretical and clinical value.

Conclusion
Implicit attitude measures such as the Affective Priming Task (APT) and Implicit
Association Test (IAT) produce substantial quantities of random error and method
variance that heavily confound the findings. This thesis demonstrated the utility of
Structural Equation Modelling analytical techniques, such as Confirmatory Factor
Analysis, to systematically evaluate and account for such error variance in order to
assess the psychometric properties of these tasks. Implicit attitude measures were
shown to not routinely deliver valid or reliable estimates of implicit attitudes.

The APT was found to be an invalid measure of implicit attitudes, as the APT scores
were comprised almost entirely of error variance, with minimal trait construct
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assessed. In contrast, the verbal and pictorial formats of the IAT were shown to
possess adequate reliability and construct validity following the removal of error
variance using SEM. High convergence between the verbal and pictorial IAT formats
was consistently demonstrated, which provided the first psychometric support for a
fully pictorial IAT. Good construct validity was also evident for the Racial VIAT and
Country PIAT using Multitrait-Multimethod matrices. These findings imply IATs
can provide an estimate of implicit bias provided error in the IAT scores is accounted
for using CFA.

However, the IATs do not consistently deliver adequate assessments of implicit bias.
Extensive psychometric validation is required for each adaptation of the IAT.
Further, all IAT data must be analysed using latent modelling procedures to partial
out the significant error component of the scores. As such, future IAT research is
limited to investigations of sample populations, and individual diagnostic feedback
should be avoided. This is especially pertinent when investigating socially sensitive
attitudes such as racial prejudice. In conclusion, the VIAT and PIAT have some
potential to provide valid estimates of implicit biases in applied population-based
research, but only once the significant error component of the scores is addressed.
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Appendices
Appendix A – Positive and Negative Facial Icons and Logos

NS1

NS2

NS4

NS5

PS1

PS2

PS4

PS5

NS3

Negative Facial Logo

PS3

Positive Facial Logo
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Appendix B – Flower and Insect Stimuli and Logo

Fl1

Fl2

Fl3

Fl4

Fl5

Flower Logo

I1

I2

I4

I5

I3

Insect Logo
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Appendix C –Arab Facial Stimuli

Arab1

Arab2

Arab3

Arab4

Arab5

Arab6

Arab7

Arab8

Arab Logo
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Appendix D –European Facial Stimuli

Euro1

Euro2

Euro3

Euro4

Euro5

Euro6

Euro7

Euro8

Euro Logo
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Appendix E –Middle Eastern Landmark Stimuli

ME1

ME2

ME3

ME4

ME5

ME6

ME7

ME5

Arab World Logo
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Appendix F –European Landmark Stimuli

E1

E2

E3

E4

E5

E6

E7

E5

Europe Logo
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Appendix G – Verbal IAT Stimuli

Flower Words
Hyacinth
Marigold
Orchid
Rose
Bluebell
Daffodil
Buttercup
Daisy
Violet
Lily

Insect Words
Ant
Caterpillar
Locust
Fly
Maggot
Bee
Cockroach
Mosquito
Wasp
Dragonfly

Unpleasant Words
Filth
Grief
Stink
Assault
Disaster
Hatred
Pollute
Tragedy
Ugly
Rotten

European Names
Sean
Andrew
Harry
Charles
James
Lily
Ingrid
Suzanna
Penny
Mary

Arabic Names
Abdul
Habib
Jamal
Mohammed
Rahman
Khalidah
Hana’
Laylali
Nashita
Basha’ir

Pleasant Words
Freedom
Love
Peace
Friend
Loyal
Pleasure
Honest
Family
Happy
Laughter

European
Countries
France
Italy
Switzerland
United Kingdom
Sweden
Netherlands
Ireland
Hungary
Czech Republic
Finland

Middle Eastern
Countries
Saudi Arabia
Egypt
Libya
Iraq
Bahrain
Palestine
Algeria
Morocco
Syria
Lebanon
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Appendix H – Student Options Questionnaire incorporating the adapted
Modern Racism Scale (MRS)
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Items 3, 5, 10, 12, 16 and 18 are the racially relevant items adapted from the Modern
Racism Scale (MRS; McConahay, Hardee, & Batts, 1981).
McConahay, J. B., Hardee, B. B., & Batts, V. (1981). Has racism declined in
America? It depends on who is asking and what is asked? Journal of Conflict
Resolution, 25, 563-579.
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Appendix I – Travel Destination Questionnaire (TDQ)
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Appendix J – Subjective Measure of Travel Experience

How well travelled would you say you are?
0 – does going across the river count?
1 – I’ve been to the mainland once
2 – I’ve been to the mainland several times/ I’ve been out of
the country once
3 – I’ve been to more than one country overseas
4 – I’ve been to several countries overseas/ I’ve been to more
than one continent (out of Australia)
5 – I’d say I’m pretty well travelled (ie. Numerous countries/
continents and experiences abroad)
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Appendix K – Participant Information Sheet
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Appendix L – Statement of Consent
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Appendix M – Participant Debrief Script

Thankyou very much for your participation. I’m just going to take a few moments to
explain how the Implicit Association Task (IAT) actually works.

The IAT is a measure used to assess attitudes without needing to ask you directly
about your views. Remember the trials that required you to categorise four sets of
pictures, say Middle Eastern and European countries as well as the Pleasant and
Unpleasant words? Did you find one combination of those stimuli were easier to
categorise than when they were swapped around the other way? Researchers believe
the difficulty of this task is dependent on how closely associated are the two
categories that share the one response. Associations between concepts can be strong
or weak. For instance, many people strongly associate Christmas with Presents, but
probably only weakly associate it with Tennis. Making decisions that involve strong
associations tend to be quick and easy, whereas decisions involving weak
associations tend to be slower and more difficult. So the more the concepts of Europe
is linked with Pleasant and the Middle East with Unpleasant, the faster we will
categorise these stimuli when they are in this combination. Conversely when Europe
is categorised using the same key as Unpleasant and the Middle East with Pleasant,
the task may become a tad more difficult.

By measuring your reaction time we can assess how quickly and easily each
categorisation decision is made. By comparing the average reaction times for the two
different arrangements of the keys we can get an indication of the strength of the
associations between the two pairs of ideas (Middle Eastern versus European and
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Pleasant versus Unpleasant). In other words, it gives us an idea of your attitudes
towards Middle Eastern nations in comparison with European ones. Just to allay any
fears, these scores do not provide a measure of racism. Besides, my research is
actually examining how good the tasks are at measuring attitudes. So I am less
interested in your scores per se, but more in how much overlap there is between
everyone’s scores over all the tasks. Also, remember that after you leave this room
the data you have created today cannot be linked back to you in any way. Do you
have any questions or concerns that have arisen from today’s experiment?

Any participants with further concerns will be offered the University Psychology
Clinic’s phone number: 6226 2805, and are encouraged to gain free counselling
there.

