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 IMPLICIT MEASURES  

 Procedures, Use, and Interpretation 

   Bertram   Gawronski   and   Adam   Hahn   

 There is no doubt that self-report measures have provided invaluable insights 
for a wide range of psychological questions (see Jaccard and Blanton,   Chapter 1 , 
this volume). After all, a straightforward way to fi nd out what is on a person’s 
mind is to directly ask the person about his or her thoughts and feelings. Yet, 
self-report measures have been criticized for their inability to capture mental 
contents that people are either unwilling or unable to report. First, self-report 
measures are known to be susceptible to self-presentation and socially desirable 
responding ( Crowne & Marlowe, 1960 ). Second, self-report measures are not 
well-suited to capture thoughts and feelings that are outside of conscious aware-
ness ( Greenwald & Banaji, 1995 ). To overcome these limitations, psychologists 
have developed performance-based instruments that (a) limit participants’ abil-
ity to strategically control their responses, and (b) do not rely on introspection 
for the measurement of thoughts and feelings. Based on their indirect approach 
in the assessment of mental contents, these performance-based instruments are 
often referred to as  implicit measures , whereas traditional self-report measures are 
described as  explicit measures . 

 Despite the popularity of implicit measures as a tool to overcome the two 
well-known problems of explicit measures, an accumulating body of research 
suggests that the relation between implicit and explicit measures involves a much 
more complex set of factors that cannot be reduced to motivational distortions 
and lack of introspective access. In a nutshell, the available evidence indicates that 
(a) strategic control is just one among several factors that can lead to dissocia-
tions between implicit and explicit measures and (b) the thoughts and feelings 
captured by implicit measures are consciously accessible (see  Gawronski, LeBel, & 
Peters, 2007 ). Together, these fi ndings pose a challenge to the common practice 
of interpreting dissociations between implicit and explicit measures as indicators 
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of socially desirable responding or lack of introspective awareness. Thus, to ensure 
accurate conclusions for theory development and real-world applications, it is 
imperative to use and interpret implicit measures in a manner that is consistent 
with the available evidence (for an overview, see  Gawronski & Payne, 2010 ). 

 The current chapter provides an introduction to implicit measures that takes 
these issues into account. The overarching goal is to offer empirically based guid-
ance for the appropriate use and interpretation of implicit measures. Toward this 
end, we fi rst explain what it means for a measure to be implicit and then provide 
a brief overview of the most popular measurement instruments. Expanding on 
this overview, we discuss various factors that lead to converging versus diverg-
ing outcomes on implicit and explicit measures, and how implicit measures can 
complement explicit measures in individual difference and experimental designs. 
In the fi nal section, we discuss some caveats against widespread, yet empirically 
unfounded, assumptions in research using implicit measures. 1  

  What Is “Implicit” About Implicit Measures?  

 A frequent question in research using implicit measures concerns the meaning of 
the terms  implicit  and  explicit . This issue is a common source of confusion, because 
some researchers use the terms to describe features of measurement instruments, 
whereas others use them to describe the psychological constructs assessed by 
particular measurement instruments. For example, it is sometimes argued that 
participants are aware of what is being assessed by an explicit measure but they 
are unaware of what is being assessed by an implicit measure (e.g.,  Petty, Fazio, & 
Briñol, 2009 ). Yet, other researchers assume that the two kinds of measures tap 
into distinct memory representations, such that explicit measures capture con-
scious representations whereas implicit measures capture unconscious representa-
tions (e.g.,  Greenwald & Banaji, 1995 ). 

 Although these conceptualizations are relatively common in the literature on 
implicit measures, we deem it more appropriate to classify different measures 
in terms of whether the to-be-measured mental content infl uences participants’ 
responses on the task in an automatic fashion ( De Houwer, Teige-Mocigemba, 
Spruyt, & Moors, 2009 ). Specifi cally, measurement outcomes may be described 
as  implicit  if the impact of the to-be-measured mental content on participants’ 
responses is unintentional, resource-independent, unconscious, or uncontrollable. 
Conversely, measurement outcomes may be described as  explicit  if the impact 
of the to-be-measured mental content on participants’ responses is intentional, 
resource-dependent, conscious, or controllable (cf.  Bargh, 1994 ). For example, a 
measure of racial attitudes may be described as implicit if it refl ects participants’ 
racial attitudes even when they do not have the goal to express these attitudes (i.e., 
unintentional) or despite the goal to conceal these attitudes (i.e., uncontrollable). 

 An important aspect of this conceptualization is that the terms  implicit  and 
 explicit  describe the process by which mental contents infl uence measurement 
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outcomes rather than the measurement instrument (cf.  Petty et al., 2009 ) or the 
to-be-measured psychological construct (cf.  Greenwald & Banaji, 1995 ). Moreo-
ver, whereas the classifi cation of measurement outcomes as implicit or explicit 
depends on the processes that underlie a given measurement instrument, the 
instruments themselves may be classifi ed as direct or indirect on the basis of their 
objective structural properties ( De Houwer & Moors, 2010 ). Specifi cally, a meas-
urement instrument can be described as direct when the measurement outcome 
is based on participants’ self-assessment of the to-be-measured mental content 
(e.g., when participants’ racial attitudes are inferred from their self-reported lik-
ing of Black people). Conversely, a measurement instrument can be described 
as indirect when the measurement outcome is not based on any self-assessment 
(e.g., when participants’ racial attitudes are inferred from their reaction time per-
formance in a speeded categorization task) or when it is based on a self-assessment 
that does not involve the to-be-measured mental content (e.g., when participants’ 
racial attitudes are inferred from their self-reported liking of a neutral object that 
is quickly presented after a Black face). In line with this conceptualization, we use 
the terms  direct  and  indirect  to describe measurement instruments and the terms 
 explicit  and  implicit  to describe measurement outcomes. However, because claims 
about the automatic versus controlled nature of measurement outcomes have to 
be verifi ed through empirical data, any descriptions of measures as  implicit  should 
be interpreted as tentative (for a review of relevant evidence, see  De Houwer 
et al., 2009  ). 

 A popular way to conceptualize the mental contents captured by implicit 
measures refers to the idea of  mental association  ( Greenwald et al., 2002 ). For exam-
ple, the construct of  attitude  has been defi ned as a mental association between 
an object and its evaluation ( Fazio, 2007 ). Expanding on this defi nition,  prejudice
can be defi ned as evaluative association involving a social group, and  self-esteem
as evaluative association involving the self. Similarly,  stereotypes  can be defi ned as 
semantic associations between a social group and stereotypical attributes, whereas 
the  self-concept  refers to semantic associations between the self and its attributes. 
In general, the concept of mental association is applicable to any kind of target 
objects (e.g., consumer products, political candidates) and their evaluative and 
semantic attributes. Implicit measures are based on the idea that activation of a 
mental concept can spread to other associated concepts in memory ( Collins & 
Loftus, 1975 ). To the extent that the associative link between two concepts is suf-
fi ciently strong, spread of activation is assumed to occur automatically (i.e., unin-
tentionally, unconsciously, effi ciently, uncontrollably; see  Bargh, 1994 ). Implicit 
measures make use of such automatic processes by assessing the effect of stimuli 
or stimulus features on participants’ performance (e.g., response times, error rates) 
in responding to other stimuli or stimulus features. Although some theorists have 
proposed alternative frameworks that reject the notion of mental associations 
(e.g.,  De Houwer, 2014 ;  Hughes, Barnes-Holmes, & De Houwer, 2011 ), associa-
tive theorizing has been a driving force in the development of implicit measures, 
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and it still serves as a prominent framework for their application in basic and 
applied research.  

  Measurement Instruments  

 Although there are more than a dozen performance-based instruments whose 
measurement outcomes may be described as implicit, some of them tend to be 
more popular than others. In current section, we briefl y explain the procedural 
details of the most frequently used instruments and provide a list of less frequently 
used instruments for the sake of comprehensiveness. 

  Sequential Priming Tasks  

 Historically, the fi rst type of performance-based instruments that has been used 
to measure social-psychological constructs is based on the notion of sequential 
priming (for a review, see  Wentura & Degner, 2010 ). In a typical sequential prim-
ing task, participants are briefl y presented with a prime stimulus, which is fol-
lowed by a target stimulus. Depending on the nature of the task, participants are 
asked to (a) classify the target as positive or negative (i.e., evaluative decision task; 
see  Fazio, Jackson, Dunton, & Williams, 1995 ), (b) classify the target in terms of a 
semantic property (i.e., semantic decision task; see  Banaji & Hardin, 1996 ), or (c) 
decide whether the target is a meaningful word or a meaningless letter string (i.e., 
lexical decision task; see  Wittenbrink, Judd, & Park, 1997 ). The basic idea under-
lying sequential priming tasks is that quick and accurate responses to the target 
should be facilitated when the target is congruent with the mental contents that 
were activated by the prime stimulus. In contrast, quick and accurate responses 
to the target should be impaired when the target is incongruent with the mental 
contents that were activated by the prime stimulus. 

 For example, if a person has a positive attitude toward Donald Trump, this per-
son should be faster and more accurate in identifying the valence of positive words 
when the person has been primed with an image of Donald Trump compared 
to priming trials with a neutral baseline stimulus (e.g.,  Lodge & Taber, 2005 ). 
Conversely, evaluative classifi cations of negative words should be slower and less 
accurate when the person has been primed with an image of Donald Trump 
compared to priming trials with a neutral baseline stimulus. Similarly, a person 
who holds strong gender stereotypes should show better performance in iden-
tifying the gender of female pronouns after being presented with stereotypically 
female professions (e.g., nurse) than stereotypically male professions (e.g., doc-
tor), and vice versa (e.g.,  Banaji & Hardin, 1996 ). Finally, using a lexical decision 
task to assess racial stereotypes, a person may show facilitated classifi cations of 
target words related to positive and negative stereotypes of African Americans 
(e.g., athletic, criminal) after being primed with Black faces compared to priming 
trials with a neutral baseline stimulus (e.g.,  Wittenbrink et al., 1997 ). Although 
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sequential priming tasks are among the most widely used instruments in research 
using implicit measures, they have been criticized for their low reliability, which 
rarely exceed Cronbach’s Alpha values of .50 ( Gawronski & De Houwer, 2014 ).  

  Implicit Association Test (and Variants)  

 The most prominent instrument in research using implicit measures is the Implicit 
Association Test (IAT;  Greenwald, McGhee, & Schwartz, 1998 ). In the critical 
blocks of the IAT, participants are asked to complete two binary categorization 
tasks that are combined in a manner that is either congruent or incongruent with 
the to-be-measured mental content. For example, in the commonly used race 
IAT, participants may be asked to categorize pictures of Black and White faces 
in terms of their race and positive and negative words in terms of their valence. 
In one critical block of the task, participants are asked to press one response key 
for Black faces and negative words and another response key for White faces and 
positive words (i.e., prejudice-congruent block). In the other critical block, par-
ticipants are asked to complete the same categorization tasks with a reversed key 
assignment for the faces, such that they have to press one response key for White 
faces and negative words and the other response key for Black faces and positive 
words (i.e., prejudice-incongruent block). The basic idea underlying the IAT is 
that responses in the task should be facilitated when two mentally associated 
concepts are mapped onto the same response key. For example, a person who has 
more favorable associations with Whites than Blacks should show faster and more 
accurate responses when White faces share the same response key with positive 
words and Black faces and share the same response key with negative words, com-
pared with the reversed mapping. 

 IAT scores are inherently relative in the sense that they confl ate four con-
ceptually independent constructs. For example, in the race IAT, a participant’s 
performance is jointly determined by the strength of White-positive, Black-
positive, White-negative, and Black-negative associations (see  Blanton, Jaccard, 
Gonzales, & Christie, 2006 ). This limitation makes the IAT inferior to sequential 
priming tasks, which permit the calculation of separate priming scores for each 
of the four associations if the tasks include appropriate baseline primes (see  Wen-
tura & Degner, 2010 ). Yet, the IAT is superior in terms of its internal consistency, 
which is typically in the range of .70 to .90 ( Gawronski & De Houwer, 2014 ). 
At the same time, the IAT has been criticized for its blocked presentation of 
“congruent” and “incongruent” trials, which has been linked to several sources of 
systematic measurement error (see  Teige-Mocigemba, Klauer, & Sherman, 2010 ). 
To address these and various other limitations, researchers have developed several 
variants of the standard IAT that avoid blocked presentations of congruent and 
incongruent trials, permit non-relative measurements for individual targets and 
attributes, and reduce the overall length of the task. These IAT variants include 
the Recoding-Free IAT (IAT-RF;  Rothermund, Teige-Mocigemba, Gast, & 
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Wentura, 2009 ), the Single-Block IAT (SB-IAT;  Teige-Mocigemba, Klauer, & 
Rothermund, 2008 ), the Single-Category IAT (SC-IAT;  Karpinski & Steinman, 
2006 ), the Single-Attribute IAT (SA-IAT;  Penke, Eichstaedt, & Asendorpf, 2006 ), 
and the Brief IAT (BIAT;  Sriram & Greenwald, 2009 ).  

  Go/No-Go Association Task  

 Another task that has been developed with the goal of overcoming the relative 
nature of measurement scores in the standard IAT is the Go/No-Go Association 
Task (GNAT;  Nosek & Banaji, 2001 ). On the GNAT, participants are asked to 
press a button ( go ) in response to some stimuli, and to withhold a response ( no go ) 
to other stimuli. Different types of stimuli are then paired with the “go” response 
on different blocks of the task. For example, in one block of a GNAT to measure 
racial attitudes, participants may be asked to press the “go” button when they 
see a picture of a Black face or a positive word, and not respond to any other 
stimuli (which may include pictures of White faces, negative words, and distractor 
stimuli). In another block, participants may be asked to press the “go” button for 
pictures of Black faces and negative words, and not respond to any other stimuli. 
The same task may be repeated in two additional blocks for White instead of 
Black faces. Because GNAT scores are calculated on the basis of participants’ 
error rates (rather than response times) using signal detection theory ( Green & 
Swets, 1966 ), the GNAT typically includes a response deadline (e.g., 600 ms) to 
increase the number of systematic errors. The GNAT has shown lower reliability 
estimates compared with the standard IAT ( Gawronski & De Houwer, 2014 ). Yet, 
a clear advantage is the possibility to calculate GNAT scores for individual target 
objects (e.g., attitudes toward Blacks) instead of relative scores involving two tar-
get objects (e.g., relative preference for Whites of Blacks).  

  Extrinsic Affective Priming Task  

 Another measure that has been designed to address structural limitations of the 
IAT is the Extrinsic Affective Simon Task (EAST;  De Houwer, 2003 ). On the 
EAST, participants are presented with target words (e.g., Pepsi) that are shown 
in two different colors (e.g., yellow vs. blue) and positive and negative words in 
white color. Participants are asked to respond to the colored words in terms of 
their color and to the white words in terms of their valence. In the critical block 
of the task, participants are asked to respond to positive white words and words of 
one color (e.g., yellow) with the same key and to negative white words and words 
of the other color (e.g., blue) with another key (or vice versa). Because the target 
words are presented in different colors over the course of the task, each target is 
sometimes paired with the response key for positive words and sometimes with 
the response key for negative words. The critical question is whether participants 
respond faster and more accurately to a given target depending on whether its 
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color requires a response with the “positive” or the “negative” key. A major advan-
tage of the EAST is that it does not include blocked presentations of congruent 
and incongruent trials, which resolves the problems associated with the blocked 
structure of the IAT (see  Teige-Mocigemba et al., 2010 ). Yet, the EAST has been 
shown to be inferior to the IAT in terms of its reliability and construct validity, 
which has been attributed to the feature that participants do not have to process 
the semantic meaning of the target words ( De Houwer & De Bruycker, 2007a ). 
To address this limitation,  De Houwer and De Bruycker (2007b ) have devel-
oped a modifi ed variant of the EAST that ensures semantic processing of the 
target words, which they called the Identifi cation-EAST (ID-EAST). Although 
the EAST has originally been designed to measure evaluative associations, some 
studies have demonstrated its applicability to the measurement of semantic asso-
ciations (e.g.,  Teige, Schnabel, Banse, & Asendorpf, 2004 ).  

  Affect Misattribution Procedure  

 The Affect Misattribution Procedure (AMP;  Payne, Cheng, Govorun, & Stewart, 
2005 ) was designed to combine the structural advantages of sequential priming 
tasks with the superior psychometric properties of the IAT (for a review, see 
 Payne & Lundberg, 2014 ). Two central differences to traditional priming tasks are 
that (a) the target stimuli in the AMP are ambiguous and (b) participants are asked 
to report their subjective evaluations of the targets. The basic idea is that par-
ticipants may misattribute the affective feelings elicited by primes to the neutral 
targets, and therefore judge the targets more favorably when they were primed 
with a positive stimulus than when they were primed with a negative stimulus. 
For example, in an AMP to measure racial attitudes, participants may be asked to 
indicate whether they fi nd Chinese ideographs visually more pleasant or visually 
less pleasant than average after being primed with pictures of Black versus White 
faces. A preference for Whites over Blacks would be indicated by a tendency to 
evaluate the Chinese ideographs more favorably when the ideographs followed 
the presentation of a White face than when they followed the presentation of a 
Black face. Interestingly, priming effects in the AMP emerge even when partici-
pants are explicitly informed about the nature of the task and instructed not to 
let the prime stimuli infl uence their evaluations of the targets ( Payne et al., 2005 ). 

 Although the AMP has shown satisfactory reliability estimates that are com-
parable to those of the IAT ( Gawronski & De Houwer, 2014 ;  Payne & Lundberg, 
2014 ), the task has been criticized for being susceptible to intentional use of the 
primes in evaluations of the targets ( Bar-Anan & Nosek, 2012 ). However, this 
criticism has been refuted by research showing that correlations between AMP 
effects and self-reported intentional use of the primes refl ect retrospective con-
fabulations of intentionality (i.e., participants infer that they must have had such 
an intention when asked afterwards) rather than actual effects of intentional pro-
cesses (e.g.,  Gawronski & Ye, 2015 ;  Payne et al., 2013 ). Although the AMP was 
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originally designed to measure evaluative associations, modifi ed procedures have 
been used to measure semantic associations (e.g.,  Krieglmeyer & Sherman, 2012 ; 
 Sava et al., 2012 ).  

  Approach-Avoidance Tasks  

 Approach-avoidance tasks are based on the idea that positive stimuli should elicit 
spontaneous approach reactions, whereas negative stimuli should elicit sponta-
neous avoidance reactions. In line with this idea,  Solarz (1960 ) found that par-
ticipants were faster at pushing a lever towards them (approach) in response to 
positive as opposed to negative stimuli, and pushing it away from them (avoidance) 
for negative as opposed to positive stimuli.  Chen and Bargh (1999 ) expanded on 
this fi nding by instructing participants to make either an approach or an avoid-
ance movement as soon as a stimulus appeared on screen. They then calculated 
participants’ response time to a given stimulus depending on whether they had to 
show an approach or an avoidance movement in response to that stimulus. Their 
results showed that participants were faster in making an approach movement in 
response to positive compared to negative stimuli. Conversely, participants were 
faster in making an avoidance movement in response to negative compared to 
positive stimuli. 

 Initial accounts of approach-avoidance tasks interpreted the obtained response 
patterns as refl ecting direct links between particular motor actions and moti-
vational orientations (e.g., contraction of arm extensor = avoidance; contrac-
tion of arm fl exor muscle = approach). However, in contrast to these accounts, 
more recent fi ndings suggest that congruency effects in approach-avoidance tasks 
depend on the evaluative meaning that is ascribed to a particular motor action in 
the task. For example,  Eder and Rothermund (2008 ) found that participants were 
faster in moving a lever backward in response to positive words than negative 
words when this movement was described as “pull” (positive) and the opposite 
movement as “push” (negative). In contrast, participants were faster in moving 
a lever backward in response to negative words than positive words when this 
movement was described as “downward” (negative) and the opposite movement 
as “upward” (positive). Corresponding patterns emerged for forward movements. 
These results suggest that the labels used to describe particular motor actions in 
approach-avoidance tasks are essential for accurate interpretations of their meas-
urement outcomes. Although some versions of approach-avoidance tasks have 
shown satisfactory estimates of internal consistency, their reliability varies con-
siderably depending on the variant that is used ( Krieglmeyer & Deutsch, 2010 ).  

  Other Instruments  

 Although the reviewed instruments are the most popular examples in the cur-
rent list of available measures, there are several other instruments with unique 
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features that make them better suited for particular research questions. Although 
we do not have the space to explain the procedural details of these instruments 
here, we briefl y list them for the sake of comprehensiveness. For example, the 
Action Interference Paradigm (AIP;  Banse, Gawronski, Rebetez, Gutt, & Morton, 
2010 ) has been developed for research with very young children who may not 
be able to follow the complex instructions of other tasks. The Implicit Rela-
tional Assessment Procedure (IRAP;  Barnes-Holmes, Barnes-Holmes, Stewart, & 
Boles, 2010 ) and the Relational Responding Task (RRP;  De Houwer, Heider, 
Spruyt, Roets, & Hughes, 2015 ) have been designed to measure automatically 
activated propositions (rather than automatically activated associations). Other 
instruments have targeted various methodological limitations of existing meas-
ures (e.g., blocked structure, relative measurement, low reliability), including the 
Evaluative Movement Assessment (EMA; Brendl, Markman, & Messner, 2005), 
the Implicit Association Procedure (IAP;  Schnabel, Banse, & Asendorpf, 2006 ), 
and the Sorting Paired Features Task (SPFT;  Bar-Anan, Nosek, & Vianello, 2009 ).   

  Convergence vs. Divergence Between Implicit 
and Explicit Measures  

 The broader idea underlying the use of implicit measures is that they provide 
information that cannot be gained from explicit measures. This idea is promi-
nently refl ected in (a) research on the relation between implicit and explicit meas-
ures, (b) research using implicit and explicit measures to predict behavior, and (c) 
experimental research using implicit and explicit measures as dependent variables. 

  Relations Between Implicit and Explicit Measures  

 Correlations between implicit and explicit measures tend to be relatively low 
overall. Several meta-analyses have found average correlations in the range of .20 
to .25 (e.g.,  Cameron, Brown-Iannuzzi, & Payne, 2012 ;  Hofmann, Gawronski, 
Gschwendner, Le, & Schmitt, 2005 ). These correlations have been interpreted 
as evidence that implicit and explicit measures capture related, yet conceptually 
distinct, constructs (e.g.,  Nosek & Smyth, 2007 ). However, such interpretations 
provide little insight into what these constructs are and why they are weakly 
related. More seriously, there is evidence that the average correlations obtained in 
meta-analyses underestimate their actual relation, in that the average correlations 
are suppressed by various methodological factors. One of the most essential fac-
tors in this regard is the low internal consistency of many implicit measures (see 
 Gawronski & De Houwer, 2014 ). To the extent that the internal consistency of 
an implicit measure is relatively low, its correlation with explicit measures will be 
attenuated by measurement error (e.g.,  Cunningham, Preacher, & Banaji, 2001 ). 
Yet, such attenuated correlations may not necessarily refl ect distinct psychological 
constructs. 
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 Other factors that contribute to low correlations can be broadly interpreted in 
terms of the correspondence principle in research on attitude-behavior relations 
( Ajzen & Fishbein, 1977 ). In general, correlations between implicit and explicit 
measures tend to be higher if the two kinds of measures correspond in terms of 
their dimensionality and content. For example,  Hofmann et al. (2005 ) found that 
implicit measures refl ecting relative preferences for one group over another tend 
to show higher correlations to explicit measures of the same relative preference 
compared to explicit measures of absolute evaluations. Similarly, implicit measures 
of race bias using Black and White faces as stimuli tend to show higher correla-
tions to evaluative ratings of the same faces compared to evaluative ratings of 
anti-discrimination policies and perceptions of racial discrimination (e.g.,  Payne, 
Burkley, & Stokes, 2008 ). 2  Thus, without correspondence at the measurement 
level, it seems premature to interpret low correlations as evidence for distinct 
constructs at the conceptual level. 

 In addition to these methodological factors, there are a number of psycho-
logical factors that infl uence correlations between implicit and explicit measures. 
Overall, correlations tend to be larger for self-reported feelings, affective reactions, 
and “gut” responses compared to judgments that are more cognitive in nature 
(e.g.,  Gawronski & LeBel, 2008 ;  Smith & Nosek, 2011 ). For example, in a study by 
 Banse, Seise, and Zerbes (2001 ), scores of a gay-straight IAT showed higher cor-
relations to self-reported affective reactions towards gay people (e.g., self-reported 
affect when seeing two men kissing each other) compared to self-reported cog-
nitive reactions (e.g., agreement with the statement that gay men should not be 
allowed to work with children). Implicit and explicit measures also show higher 
correlations when participants are given less time to think about their judgments 
than when they are encouraged to deliberate about their response (e.g.,  Ranga-
nath, Smith, & Nosek, 2008 ). 

 Theoretically, varying relations between implicit and explicit measures have 
been explained in terms of the  activation  of mental contents versus the  application
of activated contents for overt judgments (for a review, see  Hofmann, Gschwend-
ner, Nosek, & Schmitt, 2005 ). For example, the MODE model (Motivation and 
Opportunity as DEterminants) assumes that implicit measures capture the activa-
tion of automatic associations in response to an object ( Fazio, 2007 ). Depending on 
a person’s motivation and opportunity, the person may engage in deliberate pro-
cessing to scrutinize specifi c attributes of the object. In this case, people are assumed 
to base their judgments on the nature of relevant attributes instead of automati-
cally activated associations. Hence, to the extent that both the motivation and the 
opportunity for deliberate processing are high, correlations between implicit and 
explicit measures should be low. Yet, when either the motivation or the opportu-
nity for deliberate processing are low, people are assumed to rely on their automatic 
reactions, leading to higher correlations between implicit and explicit measures. 

 A similar explanation is offered by the associative-propositional evaluation 
(APE) model ( Gawronski & Bodenhausen, 2006 ,  2011 ). According to the APE 
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model, implicit measures refl ect the activation of mental associations on the basis 
of feature similarity and spatiotemporal contiguity. In contrast, explicit measures 
are assumed to refl ect the outcome of propositional processes that assess the valid-
ity of activated mental contents for overt judgments. A central assumption of 
the APE model is that the propositional validation of activated mental contents 
involves an assessment of consistency, in that inconsistency requires a reassessment 
and potential revision of one’s beliefs. Thus, correspondence between implicit and 
explicit measures is assumed to depend on whether the association captured by 
an implicit measure is consistent with other information that is considered for a 
self-reported judgment. To the extent that it is consistent with other salient infor-
mation, it is usually regarded as valid and therefore used as a basis for self-reported 
judgments. However, if it is inconsistent with other salient information, people 
may reject this association in order to restore cognitive consistency (e.g.,  Gaw-
ronski, Peters, Brochu, & Strack, 2008 ;  Gawronski & Strack, 2004 ). Thus, a central 
difference to the MODE model is that deliberate processing may not neces-
sarily reduce the relation between implicit and explicit measures. Instead, the 
APE model predicts that such reductions should occur only when the addition-
ally considered information is inconsistent with the association captured by the 
implicit measure. To the extent that deliberate processing involves a selective 
search for information that supports the validity of this association, deliberate 
processing may in fact increase rather than decrease the relation between implicit 
and explicit measures (e.g.,  Galdi, Gawronski, Arcuri, & Friese, 2012 ;  Peters & 
Gawronski, 2011 ).  

  Prediction of Behavior With Implicit and Explicit Measures  

 A common question about implicit measures is whether they predict behav-
ior, with several independent meta-analyses suggesting different conclusions 
(e.g.,  Cameron et al., 2012 ;  Greenwald, Poehlman, Uhlmann, & Banaji, 2009 ; 
 Oswald, Mitchell, Blanton, Jaccard, & Tetlock, 2013 ). Although this question is 
perfectly justifi ed, it does not refl ect the more nuanced theoretical views that have 
guided research on the prediction of behavior with implicit and explicit measures 
(for reviews, see  Friese, Hofmann, & Schmitt, 2008 ;  Perugini, Richetin, & Zog-
maister, 2010 ). Instead of testing zero-order relations between implicit measures 
and behavioral criteria, a substantial body of research aimed at gaining a deeper 
understanding of predictive relations by focusing on the following three ques-
tions: (a) What kinds of behaviors do implicit and explicit measures predict? (b) 
Under which conditions do implicit and explicit measures predict behavior? (c) 
For whom do implicit and explicit measures predict behavior? 

 Inspired by the assumptions of dual-process theories (e.g.,  Fazio, 1990 ), one 
of the earliest fi ndings was that implicit measures tend to outperform explicit 
measures in the prediction of spontaneous behavior (e.g., eye gaze in interracial 
interactions predicted by implicit measures of racial prejudice), whereas explicit 
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measures tend to outperform implicit measures in the prediction of deliberate 
behavior (e.g., content of verbal responses in interracial interactions predicted by 
explicit measures of racial prejudice). This double dissociation has been replicated 
in a variety of domains with several different measures (e.g.,  Asendorpf, Banse, & 
Mücke, 2002 ;  Dovidio, Kawakami, & Gaertner, 2002 ;  Fazio et al., 1995 ). 

 Expanding on the idea that the predictive validity of implicit and explicit 
measures is determined by automatic versus controlled features of the to-be-
predicted behavior ( Fazio, 2007 ;  Strack & Deutsch, 2004 ), several studies have 
investigated contextual conditions under which implicit versus explicit measures 
are superior in predicting a given behavior. The main fi nding of this research is 
that explicit measures outperform implicit measures in the prediction of a given 
behavior under conditions of unconstrained processing resources, whereas implicit 
measures outperform explicit measures under conditions of constrained process-
ing resources. For example,  Hofmann, Rauch, and Gawronski (2007 ) found that 
candy consumption under conditions of cognitive depletion showed a stronger 
relation to an implicit measure of candy attitudes, whereas candy consumption 
under control conditions showed stronger relations to an explicit measure (see 
also  Friese, Hofmann, & Wänke, 2008 ). Similar fi ndings have been obtained for 
the prediction of interpersonal behavior in interracial interactions ( Hofmann, 
Gschwendner, Castelli, & Schmitt, 2008 ). 

 Adopting an individual difference approach,  Hofmann, Gschwendner, Friese, 
Wiers, and Schmitt (2008 ) found a similar moderation pattern for individual 
differences in working memory capacity (WMC). In a series of studies, Hof-
mann and colleagues found that implicit measures outperform explicit meas-
ures in the prediction of a given behavior for people with low WMC, whereas 
explicit measures outperform implicit measures for people with high WMC. 
The broader idea underlying this research is that individual differences in WMC 
and situationally available resources are functionally equivalent, such that the 
implementation of behavioral decisions via refl ective processes requires cogni-
tive resources ( Strack & Deutsch, 2004 ). To the extent that cognitive resources 
are scarce, behavior will be determined by impulsive tendencies that result from 
automatically activated associations. This idea also resonates with another indi-
vidual difference factor that has been found to moderate the prediction of behav-
ior: a person’s preferred thinking style. Several studies have shown that explicit 
measures are better predictors of behavior for people with a preference for a 
deliberative thinking style, whereas implicit measures are better predictors of 
behavior for people with a preference for an intuitive thinking style (e.g.,  Rich-
etin, Perugini, Adjali, & Hurling, 2007 ). 

 Deviating from approaches in which implicit and explicit measures are seen 
as competitors in the prediction of behavior, several studies have investigated 
interactive relations between the two kinds of measures. The general assumption 
underlying these studies is that discrepancies between implicit and explicit meas-
ures are indicative of an unpleasant psychological state that people aim to reduce 
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( Rydell, McConnell, & Mackie, 2008 ). For example, people showing large dis-
crepancies on implicit and explicit measures of a particular psychological attrib-
ute (e.g., attitude, self-concept) have been shown to elaborate attribute-related 
information more extensively than people with small discrepancies (e.g.,  Briñol, 
Petty, & Wheeler, 2006 ). In a similar vein, combinations of high self-esteem on 
explicit measures and low self-esteem on implicit measures have been shown to 
predict narcissistic and defensive behaviors (e.g.,  Jordan, Spencer, Zanna, Hoshino-
Browne, & Correll, 2003 ).  

  Implicit and Explicit Measures as Dependent 
Variables in Experimental Designs  

 The available evidence for dissociations in the prediction of behavior raised the 
question of what determines the outcomes on implicit and explicit measures. 
This question has been particularly dominant in research on attitude formation 
and change, which has shown various dissociations in the antecedents of atti-
tudes captured by implicit and explicit measures (for a review, see  Gawronski & 
Bodenhausen, 2006 ). Whereas some studies found effects on explicit, but not 
implicit, measures (e.g.,  Gawronski & Strack, 2004 ;  Gregg, Seibt, & Banaji, 2006 ), 
others showed effects on implicit, but not explicit, measures (e.g.,  Gibson, 2008 ; 
 Olson & Fazio, 2006 ). Yet, other studies found corresponding effects on explicit 
and implicit measures (e.g.,  Olson & Fazio, 2001 ;  Whitfi eld & Jordan, 2009 ). 
These inconsistent patterns posed a challenge to traditional theories of attitude 
formation and change, which inspired the development of new theories that have 
been designed to explain potential dissociations between implicit and explicit 
measures of attitudes (e.g.,  Gawronski & Bodenhausen, 2006 ;  Rydell & McCo-
nnell, 2006 ;  Petty, Briñol, & DeMarree, 2007 ). 

 One example is the associative-propositional evaluation (APE) model ( Gaw-
ronski & Bodenhausen, 2006 ,  2011 ), which distinguishes between the activation 
of associations in memory ( associative process ) and the validation of momentarily 
activated information ( propositional process ). According to the APE model, pro-
cesses of association activation are driven by principles of similarity and contigu-
ity; processes of propositional validation are assumed to be guided by principles of 
cognitive consistency. The distinction between associative and propositional pro-
cesses is further linked to implicit and explicit measures, such that implicit meas-
ures are assumed to refl ect the outcomes of associative processes, whereas explicit 
measures are assumed to refl ect the outcomes of propositional processes. Draw-
ing on several assumptions about mutual interactions between associative and 
propositional processes, the APE model implies precise predictions regarding the 
conditions under which a given factor should lead to (a) changes on explicit but 
not implicit measures; (b) changes on implicit but not explicit measures; (c) cor-
responding changes on explicit and implicit measures, with changes on implicit 
measures being mediated by changes on explicit measures; and (d) corresponding 
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changes on explicit and implicit measures, with changes on explicit measures 
being mediated by changes on implicit measures. 

 For example, consistent with the predictions of the APE model, cognitive disso-
nance has been shown to change explicit, but not implicit, evaluations (e.g.,  Gaw-
ronski & Strack, 2004 ). Conversely, repeated pairings of a neutral conditioned 
stimulus (CS) with a valenced unconditioned stimulus (US) have been shown to 
change implicit evaluations of the CS. Yet, explicit evaluations were infl uenced 
only when participants were instructed to focus on their feelings toward the CS, 
which presumably led to a validation of the affective reaction resulting from the 
newly formed associations (e.g.,  Gawronski & LeBel, 2008 ). The central impli-
cation of this research is that implicit measures can be more or less resistant to 
external infl uences than explicit measures, with their relative resistance depending 
on whether (a) a given factor targets the content of mental associations (leading 
to changes on implicit measures) or the perceived validity of activated contents 
(leading to changes on explicit measures), and (b) proximal changes in one of the 
two processes lead distal changes in the other process (i.e., when a newly formed 
association is perceived as valid or when propositional inferences infl uence the 
structure of mental associations).   

  Some Caveats  

 In the fi nal section of this chapter, we discuss some caveats against widespread 
assumptions in research using implicit measures. Although the accuracy of these 
assumptions is often taken for granted, they are either conceptually problematic 
or inconsistent with the available evidence. Thus, it seems prudent to take these 
issues into account to ensure appropriate interpretations of the data obtained with 
implicit measures. 

  The Metric of Implicit Measures Is Arbitrary  

 Many of the scoring procedures for implicit measures involve the calculation of 
difference scores, in which latencies or error rates on “compatible” trials are com-
pared with the latencies or error rates on “incompatible” trials (or neutral baseline 
trials). The resulting numerical values are often used to infer a psychological 
attribute on one side of a bipolar continuum if the resulting score is higher than 
zero (e.g., a preference for Whites over Blacks) and a psychological attribute on 
the other side of the continuum if the score is lower than zero (e.g., a preference 
for Blacks over Whites), with a value of zero being interpreted as a neutral refer-
ence point. Although such metric interpretations are very common (for a discus-
sion, see  Blanton & Jaccard, 2006 ), they are conceptually problematic because 
incidental features of the stimulus materials have been shown to infl uence both 
the size and the direction of implicit measurement scores (e.g.,  Bluemke & Friese, 
2006 ;  Bluemke & Friese, 2009 ;  Scherer & Lambert, 2009 ;  Steffens & Plewe, 2001 ). 
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Because it is virtually impossible to quantify the contribution of such material 
effects, absolute interpretations of implicit measurement scores are therefore not 
feasible regardless of whether they involve characteristics of individual partici-
pants (e.g., participant X shows a preference for Whites over Blacks) or samples 
(e.g., 80% of the sample showed a preference for Whites over Blacks). 

 Yet, it is important to note that most research questions in social and personal-
ity psychology do not require absolute interpretations, but instead are based on 
relative interpretations of measurement scores. The latter applies to experimen-
tal designs in which measurement scores are compared across different groups 
(e.g., participants in the experimental group show higher scores compared to 
participants in the control group) as well as individual difference designs in which 
measurement scores are compared across different participants (e.g., participant 
A has a higher score compared to participant B). Hence, the abovementioned 
problems do not necessarily undermine the usefulness of implicit measures in 
social and personality psychology, although they do prohibit the widespread prac-
tice of absolute interpretations of measurement scores of individual participants 
or samples.  

  Implicit Measures Do Not Provide a Window 
to the Unconscious  

 A common assumption in research using implicit measures is that they provide 
a window to the unconscious, including unconscious attitudes, unconscious 
prejudice, unconscious stereotypes, unconscious self-esteem, etc. (e.g.,  Bosson, 
Swann, & Pennebaker, 2000 ;  Cunningham, Nezlek, & Banaji, 2004 ;  Rudman, 
Greenwald, Mellott, & Schwartz, 1999 ). Such claims are based on the notion that 
implicit measures rely on performance-related indicators, and therefore do not 
require introspective access for the assessment of mental contents. However, this 
methodological fact does not permit the reverse inference that the mental con-
tents captured by implicit measures are introspectively inaccessible (cf.  Gawron-
ski & Bodenhausen, 2015 ). Any such claims are empirical hypotheses that require 
supportive evidence. Importantly, the available evidence clearly contradicts the 
assumption that the mental contents captured by implicit measures are uncon-
scious (for a review, see  Gawronski, Hofmann, & Wilbur, 2006 ). Using multiple 
IATs capturing attitudes toward different social groups, Hahn, Judd, Hirsh, and 
Blair (2014) found that participants were quite accurate in predicting the patterns 
of their IAT scores. The median within-subjects correlation between predicted 
and actual scores across four studies (total  N  = 430) was  r  = .68 (average  r  = .54). 
Interestingly, the same analysis applied to the relation between explicit measures 
and IAT scores showed much lower correlations (average  r  = .20), similar to 
the ones typically observed in this area (see  Hofmann et al., 2005 ). These fi nd-
ings pose a challenge to the claim that implicit measures provide a window to 
the unconscious. Yet, they are consistent with theories that explain dissociations 
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between implicit and explicit measures in terms of other processes that involve a 
deliberate rejection of consciously accessible associations (e.g.,  Fazio, 2007 ;  Gaw-
ronski & Bodenhausen, 2006 ).  

  Dissociations Do Not Necessarily Refl ect 
Motivated Distortions  

 Another common assumption in research using implicit measures is that they 
resolve the well-known problems of social desirability. This assumption is based 
on the notion that it is much more diffi cult to strategically infl uence one’s scores 
on an implicit measure compared to one’s scores on an explicit measure. Although 
it is correct that motivated distortions on explicit measures can lead to dissocia-
tions between implicit and explicit measures, the validity of this proposition does 
not permit the reverse conclusion that any dissociation refl ects motivated distor-
tions on explicit measures (cf.  Gawronski & Bodenhausen, 2015 ). After all, disso-
ciations can also result from cognitive processes, such as the deliberate analysis of 
specifi c attributes (see  Fazio, 2007 ) or the consideration of additional information 
that is inconsistent with automatically activated associations (see  Gawronski & 
Bodenhausen, 2006 ). Although either of these processes may elicit motivational 
concerns, they can lead to dissociations between implicit and explicit measures for 
purely cognitive reasons (e.g.,  Gawronski & LeBel, 2008 ).  

  Implicit Measures Do Not Provide Superior Access 
to Old Representations  

 Some theories suggest that implicit measures refl ect highly stable, old represen-
tations whereas explicit measures refl ect recently acquired, new representations 
(e.g.,  Petty, Tormala, Briñol, & Jarvis, 2006 ;  Rudman, 2004 ;  Wilson, Lindsey, & 
Schooler, 2000 ). The central idea underlying these theories is that previously 
formed representations may not be erased from memory when people acquire 
new information that is inconsistent with these representations. To the extent 
that earlier acquired knowledge is often highly overlearned, older representations 
are assumed to be activated automatically upon encounter of a relevant stimulus. 
In contrast, more recently acquired knowledge is usually less well learned, which 
implies that the retrieval of newer representations requires controlled process-
ing. Based on these assumptions, implicit measures have been claimed to refl ect 
highly stable, old representations whereas explicit measures refl ect more recently 
acquired, new representations. 

 Conceptually, these assumptions imply two related, yet empirically distinct, 
predictions: (a) implicit measures are more resistant to change than explicit meas-
ures; (b) implicit measures are more stable over time than explicit measures. Both 
predictions are at odds with the available evidence. The fi rst prediction stands in 
contrast to the large body of studies showing experimentally induced changes on 
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implicit, but not explicit, measures (e.g.,  Gawronski & LeBel, 2008 ;  Gibson, 2008 ; 
 Olson & Fazio, 2006 ). The second prediction stands in contrast to the fi nding 
that implicit measures tend to show lower stability over time than explicit meas-
ures ( Gawronski, Morrison, Phills, & Galdi, 2017 ). Together, these fi ndings pose 
a challenge to the widespread assumption that implicit measures refl ect highly 
stable, old representations.  

  Implicit Measures Are Not Immune to Context Effects  

 Another common assumption about implicit measures is that they can help 
researchers to resolve the problem of context effects on self-reports. Research on 
response processes in self-report measures has identifi ed a wide range of contex-
tual factors that can undermine accurate assessments (for a review, see  Schwarz, 
1999 ). With the development of performance-based instruments that do not rely 
on self-assessments, many researchers expected to gain direct access to people’s 
“true” characteristics without contamination by contextual factors. However, the 
available evidence suggests that implicit measures are at least as susceptible to con-
textual infl uences as explicit measures (for reviews, see  Blair, 2002 ;  Gawronski & 
Sritharan, 2010 ). Theoretically, most of these context effects can be explained 
with the distinction between activation and application discussed earlier in this 
chapter. The basic idea is that contextual factors may infl uence either (a) the 
activation of mental contents, which should lead to context effects on implicit 
measures or (b) the application of activated contents for overt judgments, which 
should lead to context effects on explicit measures. The bottom-line is that nei-
ther implicit nor explicit measures are immune to context effects, which poses a 
challenge to the idea that implicit measures provide context-independent refl ec-
tions of people’s “true” characteristics.  

  Implicit Measures Do Not Speak to the Automaticity 
of an Experimental Effect  

 A defi ning characteristic of implicit measures is that the to-be-measured men-
tal content infl uences measurement outcomes in an automatic fashion (see  De 
Houwer et al., 2009  ). Based on this assumption, implicit measures are some-
times included as dependent measures in experimental studies to test whether 
the employed manipulation infl uences the observed outcomes in an automatic 
fashion. However, such interpretations confl ate the impact of mental contents on 
measurement outcomes with the impact of experimental manipulations on mental 
contents ( Gawronski & De Houwer, 2014 ). To illustrate this difference, consider a 
study by  Peters and Gawronski (2011 ) in which participants were asked to recall 
past behaviors refl ecting either extraversion or introversion, and then to complete 
an IAT designed to measure associations between the self and extraversion (ver-
sus introversion). Results showed that IAT scores of self-extraversion associations 
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were higher when participants were asked to recall extraverted behaviors than 
when they were asked to recall introverted behaviors. Based on the (fl awed) 
assumption that implicit measures can be used to identify automatic effects of 
experimental manipulations, one might be tempted to conclude that recalling 
past behaviors infl uenced self-associations in an automatic fashion. However, the 
task of recalling past behaviors was fully conscious, intentional, and controllable. 
Thus, a more appropriate conclusion is that (a) the experimental manipulation 
infl uenced the activation of self-associations in a non-automatic fashion, and (b) 
the activated self-associations infl uenced participants’ responses on the IAT in an 
automatic fashion. Whereas the former refers to the effect of the experimental 
manipulation on mental contents, the latter refers to the effect of mental contents 
on measurement outcomes. The distinction between implicit and explicit meas-
ures speaks only to the latter effect, but it does not provide any insight about the 
nature of the former effect.  

  Implicit Measures Are Not Process-Pure  

 As we noted earlier in this chapter, implicit measures are often assumed to provide 
direct proxies for mental associations. However, in a strict sense, implicit meas-
ures refl ect behavioral responses, and these responses should not be equated with 
their presumed underlying mental constructs ( De Houwer, Gawronski, & Barnes-
Holmes, 2013 ). Although the impact of mental associations on implicit measures 
is rarely disputed (for a notable exception, see  De Houwer, 2014 ), a consider-
able body of research suggests that implicit measures do not provide process-pure 
refl ections of mental associations ( Sherman, Klauer, & Allen, 2010 ). To disentan-
gle the contributions of multiple qualitatively distinct processes to implicit meas-
ures, theorists have developed formal models that provide quantitative estimates 
of these processes, including applications of process dissociation ( Payne & Bishara, 
2009 ), multinomial modeling ( Conrey, Sherman, Gawronski, Hugenberg, & 
Groom, 2005 ;  Meissner & Rothermund, 2013 ;  Stahl & Degner, 2007 ), and diffu-
sion modeling ( Klauer, Voss, Schmitz, & Teige-Mocigemba, 2007 ). 

 An illustrative example is  Conrey et al.’s (2005 ) quad-model, which distin-
guishes between four qualitatively distinct processes underlying responses on 
implicit measures: (a) activation of an association (AC); (b) detection of the cor-
rect response required by the task (D); (c) success at overcoming associative bias 
(OB); and (d) guessing (G). Research using the quad-model has provided more 
fi ne-grained insights into the mechanisms underlying previous fi ndings obtained 
with implicit measures. Whereas some effects have been shown to be genuinely 
related to underlying associations (e.g., changes on implicit measures of racial 
bias that result from extended training to associate racial groups with positive 
or negative attributes; see  Calanchini, Gonsalkorale, Sherman, & Klauer, 2013 ), 
others stem from non-associative processes, such as successful versus unsuccessful 
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inhibition of activated associations (e.g., increases in implicit measures of racial 
bias after alcohol consumption; see  Sherman et al., 2008 ).  

  The Reliability of Implicit Measures Varies Widely 
Across Instruments  

 A fi nal issue concerns the reliability of implicit measures. Unfortunately, measure-
ment error is an issue of concern for several of the reviewed measures, showing 
estimates of internal consistency that seem unsatisfactory from a psychometric 
point of view (for a summary, see  Gawronski & De Houwer, 2014 ). The only two 
measures that have consistently shown acceptable estimates of internal consistency 
(e.g., Cronbach’s Alpha values in the range of .70 to .90) are the IAT ( Greenwald 
et al., 1998 ) and the AMP ( Payne et al., 2005 ). Most other measures (e.g., GNAT, 
EAST) have shown estimates of internal consistency that are slightly lower than 
what might be deemed acceptable (e.g., Cronbach’s Alpha values in the range of 
.50 to .70). The lowest estimates of internal consistency have been observed for 
sequential priming tasks (e.g., Cronbach’s Alpha values below .50). Although con-
cerns about reliability tend to be more common in personality psychology than in 
social psychology, low internal consistency can be a problem in both correlational 
and experimental designs. On the one hand, low internal consistency can distort 
the rank order of participants in terms of a particular construct, which reduces 
correlations to other measures (e.g., in studies on the prediction of behavior). On 
the other hand, low internal consistency can reduce the probability of identify-
ing effects of experimental manipulations (e.g., in studies on attitude change), 
which includes both initial demonstrations of an experimental effect and replica-
tions of previously obtained effects ( LeBel & Paunonen, 2011 ). Thus, regardless 
of whether implicit measures are used in correlational or experimental designs, 
it seems prudent to take their varying levels of internal consistency into account.   

  Conclusions  

 Historically, the use of implicit measures is rooted in the idea that they overcome 
the well-known limitations of explicit measures in capturing thoughts and feel-
ings that people are either unwilling or unable to report. As should be clear from 
the evidence reviewed in this chapter, the relation between implicit and explicit 
measures is much more complex, in that it cannot be reduced to social desirabil-
ity or lack of awareness. Moreover, many widespread assumptions about implicit 
measures are either conceptually problematic or inconsistent with the available 
evidence. However, these conclusions do not imply that implicit measures are 
useless. If implicit measures are used and interpreted in a manner that is consistent 
with the available evidence, they can provide valuable insights into the processes 
underlying social judgment. In addition, they can serve as a useful complement 
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in the prediction of behavior and in research on the formation and change of 
mental representations. Conceptually, dissociations between implicit and explicit 
measures in any of these applications can be interpreted as refl ecting differences 
between (a) the activation of mental contents and (b) the application of activated 
contents for overt judgments. Given that the distinction between activation and 
application is relevant for almost any question regarding the mental processes 
underlying judgments and behavior, implicit measures still represent one of the 
most signifi cant additions to the tool-box of psychological instruments.  

   Notes 

    1  Because of its shared concern with implicit measures, their use, and their conceptual 
meaning, the current chapter has overlap with previous publications by the authors 
addressing the same issues (e.g.,  Gawronski, 2009 ;  Gawronski & De Houwer, 2014 ;  Gaw-
ronski, Deutsch, & Banse, 2011 ;  Gawronski et al., 2007 ;  Hahn & Gawronski, 2015 ,  2018 ).  

    2  Judgments of anti-discrimination policies and perceptions of racial discrimination are 
central themes in the Modern Racism Scale ( McConahay, 1986 ), which is often used as 
an explicit measure in research using implicit measures of racial bias.   
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