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Abstract

The implicit association test (IAT) is believed to measure implicit evaluations by assessing reaction times on two cognitive tasks, often
termed ‘‘compatible’’ and ‘‘incompatible’’ tasks. A common rationale for studying the IAT is that it might improve our prediction and
understanding of meaningful psychological criteria. To date, however, no clear psychometric theory has been advanced for this measure.
We examine the theory, methods and analytic strategies surrounding the IAT in the context of criterion prediction to determine mea-
surement and causal models a researcher embraces (knowingly or unknowingly) by using the test. Our analyses reveal that the IAT
revolves around interpretation of two distinct relative constructs, one at the conceptual level and one at the observed level. We show that
interest in relative implicit evaluations at the conceptual level imposes a causal model that is restrictive in form. We then examine mea-
surement models of the IAT and show how computing a difference score at the observed level may lack empirical justification. These
issues are highlighted in a study replicating an effect established in the literature (Study 1). We then introduce a new variant of the
IAT and use it to evaluate the reasonableness of traditional IAT methods (Study 2).
� 2005 Elsevier Inc. All rights reserved.
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The past decade has seen a dramatic increase in the use
of cognitive responses as indicators of attitudes (Bargh,
Chaiken, Govender, & Pratto, 1992; De Houwer, 2003;
Devine, 1989; Greenwald, McGhee, & Schwartz, 1998;
Greenwald & Nosek, 2001; Fazio, Sanbonmatsu, Powell,
& Kardes, 1986; Dovidio, Kawakami, & Gaertner, 2002).
A great deal of this work has focused on the use of the
Implicit Association Test (IAT). The IAT was designed to
measure individuals’ underlying attitudes by examining
the speed with which they can associate two different con-
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cepts with two different evaluative anchors. The primary
rationale for measuring attitudes in this way, rather than
using more traditional self-report measures, is that the
response latencies can provide insights into a person’s atti-
tudes that self-report inventories belie. In this spirit, the
IAT has been applied to a wide range of social problems,
in many branches of psychology. It is thus important to
examine the conceptual and psychometric underpinnings
of this new measure.

We are not alone in asking questions that speak to the
validity of the IAT. Numerous researchers have raised con-
cerns regarding its methodological and theoretical limita-
tions (Brendl, Markman, & Messner, 2001; Karpinski,
2004; Karpinski & Hilton, 2001; Klauer & Mierke, 2004;
Fazio & Olson, 2003; Fiedler, Messner, & Matthias,
2004; Olson & Fazio, 2004; Rothermund & Wentura,
2001, 2004; Steffens, 2004). Our article differs from these
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1 Written descriptions of the theoretical construct suggest that research-
ers do view the IAT as a measuring a difference in two implicit evaluations.
As examples, Greenwald et al. (1998) often refer to attitudinal differences
when summarizing IAT results. On page 1476, they state, ‘‘In Experiment
2, the expected correlation was in the relationship of an IAT measure of
attitude difference between Korean and Japanese ethnicities and subjects’
self-described ethnic identities . . .’’ (italics added) On page 1474, they
state, ‘‘The data of Experiment 3. . . clearly revealed patterns consistent
with the expectation that White subjects would display an implicit attitude
difference between the Black and White racial categories.’’ (italics added)
On page 1479, they state, ‘‘Findings of three experiments consistently
confirmed the usefulness of the IAT (implicit association test) for assessing
differences in evaluative associations between pairs of semantic or social
categories.’’ (italics added) In addition, when IAT researchers compare the
IAT to single-attitude explicit or other implicit measures, they first
compute the simple difference score for two single-attitude explicit
measures (e.g., by subtracting the explicit attitude towards Blacks from
the explicit attitude towards Whites). Most typically, these difference
scores are then correlated with IAT scores (see Greenwald et al., 1998).
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efforts by focusing on (1) the formal measurement models
that link observed IAT scores to the theoretical IAT con-
struct and (2) the formal causal models that link the theo-
retical IAT construct to the psychological criteria one
hopes to predict.

Psychometrics: Linking observed variables to conceptual

variables

Because psychological constructs such as attitudes can-
not be observed directly, researchers who develop psycho-
metric inventories must advance psychometric theories that
explain how observable responses (e.g., responses to a
questionnaire) are influenced by the unobserved latent con-
structs these responses are thought to measure (e.g., racial
prejudice). In this regard, the IAT focuses on two distinct
constructs that are relative in nature. At the conceptual

level, the IAT is thought to measure the difference between
two implicit evaluations (e.g., the relative implicit prefer-
ence for Whites versus Blacks). At the observed level, an
IAT score is computed by taking the difference between
two behavioral responses (i.e., response latencies). We turn
first to the conceptual level and show that the relative con-
struct of the IAT invokes a causal model that is restrictive
in form and that will be inappropriate in many criterion-
prediction contexts. We then turn to the observed level
and show how a relative construct invokes measurement
models that lack empirical support.

Conceptual level: Relative causal models

The IAT is promoted as a measure that can assess the
(unobservable) latent psychological construct, implicit atti-

tudes. The main way in which implicit attitudes are thought
to differ from explicit attitudes is a supposed tendency for
the former to be inaccessible in declarative memory. A
more important departure from the traditional conceptual-
ization of attitudes has been the way in which researchers
treat attitude objects. Although the definition of an ‘‘atti-
tude’’ varies from theory to theory (Eagly & Chaiken,
1993; Fishbein & Ajzen, 1975; Petty, Wegener, & Fabrigar,
1997), most traditional theories conceptualize an (explicit)
attitude as a bipolar dimension that reflects the degree of
favorable or unfavorable evaluation of an attitude object.
Attitude objects are entities that the individual can perceive
or cognitively make note of, and they can refer to concrete
objects, abstract concepts, and to both social and non-
social categories. Whereas traditional attitude theories
place a single attitude object on a bipolar evaluative dimen-
sion, IAT researchers have tended to focus their attention
on relative implicit attitudes or relative implicit evaluations

(Greenwald et al., 1998). Relative implicit attitudes reflect
the difference between how a person implicitly evaluates
two distinct attitude objects.

Greenwald and Farnham (2000) acknowledged that the
IAT is designed to measure a relative construct and they
suggested that ‘‘the IAT can nevertheless be effectively used
because many socially significant categories form comple-
mentary pairs, such as positive–negative (valence), self–
other, male–female, Jewish–Christian, young–old, weak–
strong, warm–cold, liberal–conservative, aggressive–peace-
ful, etc.’’ (p. 1023). This statement seems reasonable at a
glance, but it ignores an unavoidable statistical limitation
of relative measures. Consider as an example one of the
measures that was developed in the initial paper on the
IAT (Greenwald et al., 1998). This measure, which we here-
after refer to as the ‘‘race IAT,’’ was designed to assess
implicit racial attitudes by measuring the relative implicit
preference for Whites over Blacks.

The most obvious way in which to conceptualize this rel-
ative construct is as the difference between how a person
implicitly evaluates Whites versus Blacks.1 This true
(unmeasured and unobservable) relative implicit evaluation
(RIE) can be represented as

RIE ¼ EW � EB; ð1Þ
where EW is the true (unmeasured and unobservable)
implicit evaluation of Whites and EB is the true (unmea-
sured and unobservable) implicit evaluation of Blacks.
Suppose that an investigator wants to predict a criterion,
Y, from the relative implicit evaluation. If the researcher
applies a traditional linear model, the relationship between
the variables can be described as:

Y ¼ aþ bRIEþ e; ð2Þ
where a represents an intercept, b represents a slope (i.e.,
the predicted change in Y given a one unit change in
RIE), and e is a residual term. If we substitute the right
hand side of Eq. (1) for RIE in the above model and ex-
pand the products, it can be seen that the investigator is
actually modeling:

Y ¼ aþ bEW � bEB þ e. ð3Þ
Eq. (3) reveals a model that is restrictive in form. It asserts
that the impact of the two implicit evaluations on the crite-
rion is additive and that the effects of each implicit evalua-
tion (as reflected by b) are equal in magnitude but opposite
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in sign. To the extent that this causal structure is not oper-
ating, Eq. (2) provides suboptimal prediction of the criteri-
on, Y, and can yield inappropriate inferences.

To use the above formulated IAT in a criterion predic-
tion context, the theorist must be willing to accept the caus-
al structure it embraces, even when others are plausible.
Consider as an example investigators who want to predict
racist actions in a sample of White participants as a func-
tion of their implicit evaluations of Whites and their implic-
it evaluations of Blacks. It may be that racist actions of
Whites are driven more by implicit evaluations of Blacks
(EB) than by implicit evaluations of Whites (EW). This sug-
gests that the regression coefficient for EB will be larger
than the regression coefficient for EW. In such a circum-
stance, the regression coefficient one obtains from regress-
ing racist actions onto a valid measure of racial preference
as conceptualized by the IAT will be an intermediate value
between the (relatively large) coefficient one would have
obtained from a valid measure of EB and the (relatively
small) coefficient one would have obtained from a valid
measure of EW. As another example, suppose that negative
evaluations of Blacks lead to more racist actions in a sam-
ple of Whites, the more positively participants evaluate
other Whites. This implies an interaction between EW

and EB. This causal dynamic cannot be detected with the
above formulated IAT.

In sum, because the IAT is designed to measure relative
implicit evaluations at the conceptual level, it invokes a
restrictive causal model that may not be appropriate for
many research enterprises. We explore the ramifications
of these limitations in the two studies that follow.

The observed level: Relative measurement models

In addition to embracing a relative construct at the con-
ceptual level, IAT researchers embrace a relative construct
at the observable level. However, this construct is quite dif-
ferent from the one at the conceptual level. The relative
construct at the observed level does not focus on the differ-
ence between two implicit evaluations. Rather it focuses on
the difference between two response latencies, each of which
is influenced by the same underlying relative implicit
response. To explore the implications of this for the IAT
measurement model, we first review the data collection
and scoring methods surrounding the IAT. We focus our
attention only on the ‘‘traditional’’ IAT methodology.
New variations of the IAT and new scoring methods
recently have been introduced (Greenwald, Nosek, &
Banaji, 2003; Nosek, Greenwald, & Banaji, 2005), but these
revisions do not address our critique. A discussion of these
new scoring procedures is in Appendix A.

IAT methodology

Measurement strategy

Participants taking the IAT are asked to correctly cate-
gorize four types of stimuli that are presented one at a time
on a computer screen. Stimuli are categorized into one of
two categories via a key press. With the race IAT, as in
all IAT, two of the stimuli types are related to the two atti-
tude objects that are of interest and two of the stimuli types
are related to the endpoints of the evaluative dimension
upon which these objects are being evaluated. Thus, a
version of the race IAT that is designed to assess the bipo-
lar evaluation (positive to negative) of Whites versus
Blacks would have stimuli related to positive (positively
valenced words), negative (negatively valenced words),
Blacks (pictures of Black faces) and Whites (pictures of
White faces).

Relative implicit evaluations are assessed by measuring
how long it takes for participants’ to assign the stimuli to
the experimenter-defined categories. The categories are cre-
ated by pairing each attitude object with each of the two
evaluative anchors. For example, one category pair might
be ‘‘Whites or Positive’’ and another might be ‘‘Blacks or
Negative.’’ Two different categorization tasks are given.
One task, called the ‘‘compatible judgment,’’ is thought
to be easy for people who are high on the construct of
interest and the other, called the ‘‘incompatible judgment,’’
is thought to be hard for people who are high on the con-
struct of interest. If one were measuring the implicit prefer-
ence for Whites over Blacks using the race IAT just
described, the compatible task would be the one that asks
participants to categorize the stimuli into one of the two
categories ‘‘Whites and Positive’’ versus ‘‘Blacks and Neg-
ative’’ and the incompatible task would be the one asking
participants to use the categories ‘‘Whites or Negative’’
versus ‘‘Blacks or Positive.’’ For example, a Black face
might be shown on a computer screen and, for the compat-
ible task, the participant indicates by pressing one of two
keys whether the presented stimulus is in the category
‘‘Whites or Positive’’ or in the category ‘‘Black or Nega-
tive.’’ The logic is that it is easier for someone who prefers
Whites to Blacks to categorize Whites with Positive and
Blacks with Negative than it is to categorize Whites with
Negative and Blacks with Positive. This should result in
faster response times for the compatible task as opposed
to the incompatible task.

Response latencies for these two tasks are measured in
milliseconds, but scores typically are Winsorized to have
endpoints of 300 and 3000 ms and then log transformed.
The IAT score is then computed by subtracting the
transformed compatible score from the transformed
incompatible score. With the race IAT, this value is
thought to represent the magnitude of the implicit pref-
erence for Whites over Blacks. If, averaging across trials,
responses to the compatible task are faster than respons-
es to the incompatible task, this is interpreted as an
implicit evaluative preference for Whites over Blacks.
If, averaging across trials, responses to the compatible
task are slower than responses to the incompatible task,
then this is interpreted as an implicit evaluative prefer-
ence for Blacks over Whites (cf. Blanton & Jaccard, in
press).



1. [Compatible]

              How strong are the associations “Whites and Pleasant” and “Blacks and Unpleasant”?

                     Extremely strong (300) ____:____:____:____:____:____:____ (3000) Extremely weak

2. [Incompatible] 

                         How strong are the associations “Whites and Unpleasant” and “Blacks and Pleasant”?

                         Extremely strong (300) ____:____:____:____:____:____:____ (3000) Extremely weak

Fig. 1. IAT ‘‘item format.’’

3 In our analyses of IAT psychometric models, it does not matter
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Item format

The IAT measurement strategy is complex. However, we
have found that viable interpretations are revealed if one
first ‘‘decodes’’ the IAT to show the possible meanings of
the incompatible and compatible scores when they are
viewed in isolation. For this purpose, we think it is useful
to represent the IAT ‘‘item format’’ in the manner shown
in Fig. 1. For pedagogical purposes, we depict the two
IAT judgments using a semantic differential format that
is familiar to social psychologists. We use the endpoints
that are the lower and upper limits for reaction time in
IAT research (300 milliseconds reflecting a fast response
or a strong association and 3000 milliseconds reflecting a
slow response or a weak association).

Note in this representation that both IAT tasks assess
some aspect of the same relative implicit preference. Per-
sons who have a preference for Whites over Blacks should
be faster on the compatible task in the race IAT since they
presumably have more positive associations with Whites
and more negative associations with Blacks. These same
people will have slower responses on the incompatible task
because they have fewer positive associations with Blacks
and fewer negative associations with Whites. As this exam-
ple highlights, the compatible and incompatible task can be
viewed as ‘‘reverse coded’’ items that reflect opposing
aspects of the same relative implicit preference. That is,
both capture some comparison between the implicit evalu-
ation of Whites and implicit evaluation of Blacks, but one
is easier for those who favor Whites relative to Blacks and
the other is harder for those who favor Whites over
Blacks.2 As developed in the next section, the conceptuali-
zation of the two opposing IAT judgments as reverse
scored indicators of the same construct leads to a straight-
forward psychometric model for the IAT; one that can be
empirically tested.

Psychometric models

Single-factor IAT model

The first model we consider has a venerable history in
psychometrics. This model assumes that there is a single
2 By the same token, individuals who favor Blacks over Whites will find
the incompatible task easier (i.e., they will respond faster to it) and the
compatible task harder (i.e., they will respond to it slower).
latent and unobservable IAT variable (the implicit relative
preference for Whites relative to Blacks) that influences the
two observed variables (the compatible and incompatible
reaction times).3 A common representation in the field of
psychometrics is to view the observed scores of psycholog-
ical measures as being a linear function of the latent con-
struct of interest. With the two observed scores of the
IAT, this can be expressed algebraically as:

IRT ¼ a1 þ k1RIEþ e1;

CRT ¼ a2 þ k2RIEþ e2;

where IRT is a person’s reaction time for the incompatible
IAT task, CRT is a person’s reaction time for the compat-
ible IAT task, RIE is a person’s true (unobservable) score
on the relative implicit evaluation, the a are intercepts,
the k are slopes or regression coefficients, and the e repre-
sent random measurement error.

Fig. 2 presents a causal model reflecting this measure-
ment conceptualization for the case in which one is trying
to predict a psychological outcome, Y, from an implicit rel-
ative evaluation. The researcher has three measures: Two
measures that reflect the implicit relative evaluation (i.e.,
response latencies for the compatible and incompatible cat-
egorization tasks) and one measure of the criterion (Y).
Following traditional conventions, the rectangles in
Fig. 2 indicate observed measures and the circles indicate
latent variables that represent either the true underlying
construct in question or a residual term. The ks represent
path coefficients from the latent variables to the observed
measures, the bs represent path coefficients for latent vari-
ables and the es represent the residuals.

As noted, IAT researchers estimate the true relative
implicit evaluation in practice by computing a difference
between the (transformed) compatible and incompatible
reaction times. Computation of a simple difference score
carries with it certain analytic assumptions (see Carver,
1989; Cronbach & Furby, 1970; Griffin, Murray, & Gonz-
alez, 1999; Johns, 1981). If the psychometric model in
whether one views the conceptual IAT score as an unweighted difference, a
weighted difference, as a ratio or in any other way in which the IAT might
assess a ‘‘relative’’ construct. Our analysis of psychometric model applies
to any theoretical construct that might be represented by computing a
difference between the two observed IAT responses.



CRT IRT Y

True RIE
True
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β

λ1 λ2
λ3

ε ε
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ε

Fig. 2. Single-factor IAT model.

CRT IRT

Y
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β
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Fig. 3. Single-factor IAT model with systematic error.
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Fig. 2 applies to the IAT, computation of a difference score
assumes that k1 and k2 are equal in value and opposite in
sign. Viewed from a more traditional psychometric per-
spective, calculating a difference score in this context is
mathematically equivalent to treating the incompatible
and compatible reaction times as positively loading and
negatively loading ‘‘items’’ of the same psychological fac-
tor. Note how this single-factor conceptualization of the
IAT is consistent with the conceptualization that follows
from the IAT item format, as shown in Fig. 1.

Unfortunately, the single-factor model is not empirically
defensible. If one were to collect multiple measures of both
the compatible and incompatible reaction times and pursue
formal testing of the model in Fig. 2, the results for virtu-
ally any IAT would fail to uncover empirical support for
the assumption that k1 = -k2. This is because the correla-
tion between the compatible and incompatible measures
for the IAT typically is positive, whereas the above psycho-
metric model predicts that they should be negative (because
k1 and k2 are assumed to be opposite signed). In our own
data sets, we have found that the correlation between the
two IAT response latencies range anywhere from 0.40 to
0.60.

Single-factor IAT model with systematic error
There are other models that are theoretically defensible,

that support the decision to compute a difference score and
that can tolerate a positive correlation between IRT and
CRT. These models assume that any positive correlation
between the two IAT component scores is the result of
one or more common sources of systematic method vari-
ance. It is reasonable to consider models of this kind,
because it is well known that IAT component scores are
influenced by at least one systematic source or error. More
specifically, because the two IAT judgments are both reac-
tion time measures, they are each influenced by a person’s
ability to respond quickly to cognitive tasks. We refer to
this ability as a person’s general processing speed and we
view it as a psychological resource that may be imperfectly
representative of such general attributes as cognitive effi-
ciency, general intelligence and attention span. It also
may reflect such skills as finger dexterity and hand-eye
coordination and more transitory states such as mood,
drug use and the like. The influence of this common source
of method variance on the two component judgments of
the IAT is shown in the psychometric model in Fig. 3.

The fact that compatible and incompatible response
latencies show a moderate to strong positive correlation
at the observed level suggests that general processing speed
exerts a greater systematic influence on the two component
scores of the IAT than do the implicit relative evaluations
that these responses are thought to measure. In studies
using the IAT, one must therefore develop strategies to
eliminate or control for this source of systematic measure-
ment error.

We have found that many researchers appreciate the
need to control for general processing speed in the IAT.
In fact, many believe such the IAT was designed to address
this concern. When we conducted an informal poll of
researchers and asked them why they think a difference
score has been built into the IAT measure, many spontane-
ously mentioned a belief that analyses need to focus on the
difference scores in order to eliminate large individual dif-
ferences in general reaction times. There is a long history
in cognitive psychology for computing ‘‘facilitation scores’’
by subtracting one reaction time measure from another.
This tradition might cause some to assume that processing
speed somehow is ‘‘factored out’’ by the calculation of a
difference score for the IAT. Although differencing can
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Fig. 4. Single-Factor IAT model with meaningful and nuisance effects of
processing speed.
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eliminate a common source of systematic error that influ-
ences two observed scores, the conditions needed for this
to occur with the IAT are complex and may be difficult
to justify on theoretical grounds (see Appendix A for a ful-
ler discussion).

Single-factor IAT model with meaningful and nuisance
effects of processing speed

An alternative strategy for dealing with processing speed
in the IAT is not to trust differencing (or some other arbi-
trary scoring algorithm) to remove general processing
speed. Rather, one can directly model the effect of such
confounds in the data. Fig. 4 presents an IAT psychometric
model that is general in nature and that reflects these
underlying dynamics.4 The paths from the latent variable
of processing speed to the observed measures of the IAT
(k3 and k4) are intended to reflect systematic error variance
in the IAT measures due to processing speed. The model
also allows for meaningful effects of general processing
speed on the latent relative implicit evaluation (b3) as well.
This path recognizes that variables reflected by general pro-
cessing speed (e.g., intelligence) may sometimes bear mean-
ingful rather than artifactual relations to implicit attitudes,
such as the where intelligence is related to prejudice. The
model also allows for direct influences of general process-
ing speed on the true criterion of interest (b2), a feature that
neither difference coding nor other scoring algorithms
offered by Greenwald et al. will permit (see Appendix A).
4 The model in Fig. 4 is underidentified for statistical analysis. The figure
is only intended to illustrate the psychometric model on a conceptual level.
Study 1

Study 1 had two purposes. First, we tested the viability
of the relative-preference causal model. Second, we tested
the appropriateness of the above measurement models that
can justify computation of a difference score. In this study,
we decided to focus attention on a situation in which the
IAT has shown strong prediction in the past. We did this
because such a test should provide the most favorable anal-
ysis of the IAT’s value as a research tool. We thus per-
formed a secondary data analysis on a study designed to
replicate a finding in Nosek, Banaji, and Greenwald
(2002), Gonzales (2002). In our analyses, we tested the the-
ory that ‘‘implicit preference for math over arts leads to
explicit math identification.’’ We admit that the theory
we tested was mundane and certainly less interesting than
the primary concerns investigated by Nosek, Greenwald
and Banaji in their original paper. However, our goal
was not to test an interesting theory or a counter-intuitive
relationship, but rather, to test an obvious theory and a
strong relationship. In this way, we could conduct a liberal
test of the causal model built into the IAT at the conceptu-
al level and the measurement models built into the IAT at
the observed level.

Study details

The total sample consisted of 215 undergraduate psy-
chology students who participated for course credit in a
larger study of math and arts attitudes, gender stereotyp-
ing and gender identification. Following IAT conven-
tions, we eliminated 13 participants who had more
than 15% error rates. The final sample thus consisted
of 202 participants (117 female, 85 male), ages 17–24
(mean = 18.47, SD = 1.24). The study followed Nosek
et al. (2002) and had participants categorize experimental
stimuli related to math (e.g., calculus, algebra, and geom-
etry), the arts (e.g., symphony, drama, and literature),
pleasant (e.g., love, rainbow, and heaven), and unpleas-
ant (e.g., death, torture, and hatred) across 80 experi-
mental trials. In one judgment task (involving 40 of
the trials), participants were instructed to categorize the
above stimuli with the super-ordinate categories ‘‘Math
or Pleasant’’ versus ‘‘Arts or Unpleasant’’ and in another
judgment task (involving the other 40 trials) the super-
ordinate categories ‘‘Math or Unpleasant’’ versus ‘‘Arts
or Pleasant.’’

Following the procedures in Greenwald et al. (1998), we
eliminated participants who had more than 15% error
rates, we Winsorized values to range from 300 to 3000,
and we applied log transforms.5 We also eliminated the
first 4 trials to provide participants with time to familiarize
themselves with the response set. The resulting scores ran-
5 Our data coding also differed from Gonzales, as she did not apply the
logarithm transformation in her analyses. We did this in the current study
to be consistent with Nosek et al. (2002).



6 The primary threat to the validity of this measure is that the practice
items might be influenced by different cognitive skills from those of the
judgments. This could occur because the former involve categorization
into one of two single-concept categories and the latter involve catego-
rization into one of two double-concept categories. To address this
possibility, we also created an alternative measure of GPS based on IAT
judgments. In addition to taking the math/arts attitude IAT, participants
also completed IAT for gender stereotyping (women and men paired with
math and arts), gender identification (women and men paired with self and
other), and math identity. The alternative measure was based on the IAT
for gender stereotyping and gender identification. We found that this
alternative measure of GPS was strongly related to the one based on
practice items, r = 0.97. For this reason, we used our initial measure based
on the practice items in all analyses reported hencewith.
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ged from 5.7 to 8.01, with larger values representing longer
response latencies. For ease of presentation, we recoded
these values to represent speed of response by subtracting
them from the value 8.01. We labeled the first judgment
M + A�, because it simultaneously assessed the tendency
to associate math with positively valenced words and arts
with negatively valenced words. Scores on this variable
were coded so that higher values implied a preference for
math over arts. We labeled the second judgment as
M � A+, because it simultaneously assessed the tendency
to associate math with negatively valenced words and arts
with positively valenced words. Scores on this variable
were coded so that higher values implied a preference for
arts over math. To replicate past scoring strategies, we
computed a difference between the M + A� and
M � A+. Positive scores on this difference score tradition-
ally would be interpreted as showing a degree of ‘‘prefer-
ence for math over arts’’ and negative scores on this
difference score traditionally would be interpreted as show-
ing a degree of ‘‘preference for arts over math.’’

For the model testing strategies we describe later, it is
necessary to have multiple measures of M + A� and
M � A+. We adopted a ‘‘random blocking’’ strategy to
accomplish this. Because each type of judgment is replicat-
ed on 36 trials (the 40 original trials minus the 4 practice
trials), one can create four indicators of a given type by
randomly dividing the 36 trials into 4 subsets of 9 trials
each and then calculating the average response time for
each block of 9 trials. Although the score for a given block
will be less reliable than the total score across all 36 trials,
the analytic methods we propose can adjust for this. If
desired, a researcher can increase the number of trials that
comprise a sub-block by generating fewer indicators (e.g.,
three indicators based on subsets of 12 trials each) or by
increasing the overall number of trials in the study (e.g.,
collect data on 60 or 80 trials for that type of judgment).

To test a measurement model that incorporates general
processing speed, it also was necessary to develop a mea-
sure of it. Our measure was taken from the practice trials
of the IAT. As described in Gonzales (2002), all partici-
pants were provided a total of 12 practice blocks in which
they made simple discriminations to familiarize themselves
with the stimulus words for the four category word sets
(e.g., ‘‘math versus arts’’ and ‘‘pleasant versus unpleas-
ant’’). We used the average response latencies from these
practice blocks as indicators of each individual’s general
processing speed. The only constraint was that we discard-
ed the first block in which participants learned the task,
and every block after that in which participants were
exposed to experimental stimuli for the first time. As a
result, we had a total of seven measured indicators of gen-
eral processing speed. As with the IAT judgments, response
times were Winsorized to have a range from 300 to 3000,
log transformed and recoded so that higher scores were
indicative of faster processing. For our preliminary analy-
ses, we generated a single indicator of general processing
speed by averaging the scores for the seven indicators.
The more formal model tests used the multiple indicators
separately.6

In addition to these implicit measures, participants also
completed a set of explicit measures. The criterion of inter-
est, math identification, was measured with 3 items (e.g., ‘‘I
am strongly identified with math’’), with scores ranging
from 0 to 10. A single indicator of this construct was
formed for the preliminary analyses by averaging the
responses to the three items. Participants also provided
explicit measures of attitudes toward math and attitudes
towards the arts. These were multi-item attitude scales that
yielded a single overall attitude score for the attitude
toward math and a single overall attitude score for the atti-
tude toward the arts. The former scale had a Cronbach
alpha of 0.97 and the latter had a coefficient alpha of
0.79 (see Gonzales, 2002, for details). Scores for each atti-
tude could range from �10 (extremely unfavorable) to +10
(extremely favorable).

Results

Preliminary statistics
The correlations between the observed measures are pre-

sented in Table 1. Several relationships are worth noting.
First, the correlation between the measure of the explicit
attitude towards math and the explicit attitude towards
the arts was small and statistically non-significant,
r (200) = 0.04. This low correlation suggests that the two
explicit attitudes are distinct. This finding should give the-
orists pause about the idea that these two attitude objects
represent ‘‘complementary’’ attitude objects (Greenwald
& Farnham, 2000). The utility of maintaining separate con-
structs at the level of explicit attitudes is reinforced by the
tendency for math identification (the criterion) to have a
strong association with explicit math attitudes, r (200) =
0.82, p < .001, but not explicit arts attitudes, r (200) =
�0.11, ns.

The correlations in Table 1 also suggest that general
processing speed is a source of systematic measurement
error. The correlation of general processing speed with
the M � A+ implicit response was r (200) = 0.72, p < .001
and with the M + A� response was r (200) = 0.55,
p < .001. The somewhat higher correlation of general pro-



Table 1
Correlation matrix for implicit and explicit measures

1 2 3 4 5 6 M SD

Criterion
1 Math Identification — 4.50 2.62

Implicit measures
2 IAT 0.34** — �0.18 0.20
3 M + A� 0.22 0.58** — 1.07 0.20
4 M � A+ �0.13 �0.47** 0.45** — 1.24 0.18
5 GPS �0.08 �0.12 0.55** 0.72** — 1.46 0.14

Explicit measures
6 Math attitude 0.82** 0.25** 0.19** �0.06 0.11 — 1.11 4.84
7 Arts attitude �0.11 �0.26** �0.06 0.22 0.11 0.04 4.07 2.82

Note. Math identification is an explicit rating that ranges from 0 (low identification) to 10 (high identification). M + A� is the speed of associating math
with pleasant and arts with unpleasant and M � A+ is the speed associating arts with pleasant and math with unpleasant. GPS is general processing speed,
based on the speed for the practice trials. MP, M � A+ and GPS range from 1 (slow) to 3.31 (fast) and IAT is computed as M + A� minus M � A+.
Math and arts attitudes range from �10 (negative evaluation) to +10 (positive evaluation). All double asterisks for .01 significance.

7 This coding strategy has a basis in the IAT literature. Researchers
commonly compute differences between two explicit measures when
assessing the validity of the IAT as a relative measure (Greenwald &
Farnham, 2000; Greenwald et al., 1998; McConnell & Leibold, 2001;
Swanson, Rudman, & Greenwald, 2001).
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cessing speed with M � A+ suggests that the assumption
of equal influence of general processing speed on the two
measures may be untenable. Support for the influence of
general processing speed also is evident in the positive cor-
relation between the M + A� and M � A+, r (200) = 0.45,
p < .001. As noted earlier, one would normally think these
measures should be negatively correlated if they reflect
complementary pairs or reverse scored items that can be
differenced. This correlation became small and nonsignifi-
cant when the measure of general processing speed was
partialled out from each of the IAT measures, partial

r (199) = 0.09. One would expect a strong negative correla-
tion between M + A� and M � A+ once they are purified
of general processing speed, but the above partial correla-
tion was near zero rather than strongly negative.

The correlations in Table 1 also suggest that general
processing speed is not strongly correlated with the criteri-
on of math identification, nor is it strongly correlated with
either of the explicit attitude measures. To the extent that
the statistical dynamics surrounding the explicit math and
arts attitudes are similar to those occurring with implicit
attitudes, these results suggest that general processing
speed may be of little consequence other than to create
unwanted variation in the IAT measures.

The IAT difference score tended to show a higher corre-
lation with the criterion of math identification (r = 0.33)
than either of its component parts (absolute r of 0.21 and
0.13). It would be imprudent to conclude from this that
the higher correlation between the difference score and
the criterion reflects anything theoretically special about
differencing in terms of modeling the underlying attitude
dynamics. The stronger correlation could result because
the component measures are more contaminated by gener-
al processing speed (and because general processing speed
is unrelated to the criterion).

All of the above conclusions must be viewed with cau-
tion because they assume reliable and valid measurement
and because some hinge on interpretations of null results.
Nevertheless, this initial, surface-level analysis suggests
potential threats to the math/arts IAT regarding the rela-
tive IAT conceptual construct and the measurement mod-
els that support a computed difference score. We now
turn to more formal methods of model evaluation.

Conceptual level: Causal model analysis

At the conceptual level, the math/arts IAT is designed to
assess the relative difference between implicit math atti-
tudes and implicit arts attitudes. In contrast, the explicit
attitude measures were designed to assess math and arts
attitudes separately. One can combine the explicit ratings,
however, to obtain an estimate of the difference between
explicit math attitudes and explicit arts attitudes. This
can be done by subtracting the explicit arts rating from
the explicit math rating. We did exactly this, even though
we knew that this computation is a questionable practice.7

We regressed math identity onto this difference score and
found that this new variable accounted for a significant
proportion of the variance in the criterion, R2 = 0.61,
F (1,201) = 319.45. The regression coefficient indicated that
the measure of ‘‘explicit preference for math over arts’’ was
a positive predictor of math identification (regression coef-
ficient = 0.38, p < .001).

From this result, one might mistakenly conclude that
there is something special about the ‘‘explicit preference
for math over arts’’ that leads a person to identify with
math. A conclusion of this sort is typical of what can be
found in IAT manuscripts. Greater insight into the under-
lying dynamics is obtained by exploring further the causal
model that is implied by the difference score. The regression
coefficient obtained from testing the influence of this ‘‘rel-
ative explicit evaluation’’ on math identification is exactly
the same coefficient that one would obtain if one tests a



8 We conducted preliminary analyses on the viability of the seven
processing speed indicators based on the practice trials as meaningful
representations of a single underlying factor of GPS. The test of a single
factor model yielded indices that were consistent with good model fit. In
addition, the standardized path coefficients from the standardized latent
variable to the standardized observed measures tended to be high and
reasonable in magnitude. Thus, ill fit of the models reported later cannot
be attributed to ill fit in this aspect of the model.
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structural equation model in which the measures for explic-
it math attitudes and the measure of explicit arts attitudes
are forced to exert equal-but-opposite influences on the cri-
terion. We used the computer program LISREL to evalu-
ate a model that imposed such a constraint and indeed
we obtained the same regression coefficient. Importantly,
however, the test of the fit of the overall model suggested
a poor model fit, indicating a misspecified model (v2

(1) = 50.34, p < .001; GFI = 0.87; CFI = 0.79,
RMSEA = 0.50 with 90% confidence intervals of 0.38–
0.62, p value for the test of close fit < .001, standardized
RMR = 0.12). As shown below, the lack of fit occurs
because of the constraint that the influence for math and
arts attitudes must be equal but opposite in sign. This illus-
trates that a researcher can predict a criterion, even when
the analysis conducted is an inaccurate representation of
the true causal dynamics surrounding it (see Anderson,
1981). If the ‘‘equal but opposite influence’’ model were
correct, we would not have observed the overall ill fit of
the model. The fact that we did clearly suggests that one
should not orient one’s analyses or interpretations around
this difference score. It could be that a similar dynamic
occurs at the implicit level, i.e., that researchers who use
the math/arts IAT are unknowingly imposing poorly fitting
causal models in their work when they use it to predict
criteria.

To gain more insights into the underlying causal model,
we removed the constraint of equal and opposing main
effects so that the two predictors could have differential
influence on the criterion. This model was ‘‘just identified,’’
so perfect model fit was assured. Importantly, the estimat-
ed values of the path coefficients (i.e., the regression coeffi-
cients) revealed why the difference score approach yielded
significant prediction despite its inaccurate representation
of the underlying causal structure. There was a large and
positive path coefficient for math attitude, B = 0.45,
p < .001 but a relatively small and negative influence of arts
attitude, B = �.14, p < .001. As a result of these two count-
er-veiling influences, the difference score provided reason-
able prediction of math identity. However, the opposing
influences were not of equal magnitude (as indicated by
the poor fit of the first model relative to the second model).
Math identification thus did not seem to derive from a
‘‘preference of math over arts,’’ as is implied when one uses
a predictor variable that is meant to assess exactly this con-
ceptual construct. Instead, math identity seemed to be driv-
en mostly by the attitude toward math, with a small
contribution from the attitude toward the arts.

Observed level: Measurement model analysis

We turn now to an analysis of the observed IAT differ-
ence score, which is computed by subtracting M � A+
from M + A�. Tests of the IAT measurement model using
structural equation modeling are facilitated by the use of
multiple indicators for the underlying latent variables. To
this end, we used the seven indicators of general processing
speed and the four measures of M � A+ and M + A� dis-
cussed earlier.8 The analyses were implemented using LIS-
REL 8.5 in conjunction with its non-linear constraint
feature (Jaccard & Wan, 1996).

The first measurement model that we tested assumed
that the covariation of the eight IAT observed measures
could be explained by a single latent variable representing
the conceptual relative preference for math over arts. To
justify the use of a difference score, the model was con-
strained so that M � A+ measures would have loadings
that were equal but opposite in sign to loadings for
M + A� (see Fig. 2). The metric of the latent variable
was defined by constraining its variance to 1.0, i.e., treating
it as if it were in standardized metric. This model ignored
potential influences of general processing speed on the
measures. Instead, it simply assumed that the IAT judg-
ments were ‘‘pure’’ indices of implicit relative evaluations.
Not surprisingly, the model yielded poor fit (v2

(24) = 922.8, p < .001; GFI = 0.32; CFI = 0.04,
RMSEA = 0.59 with 90% confidence intervals = 0.57–
0.61; p value for close fit < .001; standardized
RMR = 0.44). This indicates that a model following tradi-
tional psychometric traditions is untenable. This also was
true for a liberalized single factor model that imposed no
constraints on the factor loadings (v2 (20) = 337.6,
p < .001; GFI = 0.61; CFI = 0.66, RMSEA = 0.35 with
90% confidence intervals = 0.33–0.38; p value for close
fit < .001; standardized RMR = 0.16).

Although the conventional model was not a reasonable
representation of the mechanisms that underlie the data, it
is possible that the theoretical essence of the single-factor
model would apply if general processing speed is taken into
account. To explore this, we tested a model that assumed a
single factor relative implicit evaluation, with contaminat-
ed measurement. The eight observed measures were mod-
eled to be a function of a single IAT latent construct as
well as a second latent variable representing general pro-
cessing speed. The model is presented in Fig. 5. To avoid
clutter, Fig. 5 omits random measurement error for each
of the observed measures as well as the correlation between
the two latent variables, although these parameters were
estimated. The model is under-identified, so constraints
were introduced to achieve model identification. The first
set of constraints were those invoked previously and that
are inherent to the IAT framework, namely equal-but-op-
posite loadings for the respective paths from the latent
implicit attitude variable to the observed latency measures
(k1 = k2 = k3 = k4 and k5 = k6 = k7 = k8, with k5 = �k1,
k6 = �k2, k7 = �k3, k8 = �k4). The second set of con-
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Fig. 5. Math/arts IAT measurement model with general processing speed.
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straints was based on the assumption that general process-
ing speed has an equal influence on each of the response
latencies (k9 = k10 = k11 = k12 = k13 = k14 = k15 = k16; see
Appendix A for a discussion of this assumption.) As
before, the variances of the latent variables were con-
strained to be 1.0. This model also yielded an unsatisfacto-
ry fit to the data (v2 (95) = 247.7, p < .001; GFI = 0.81;
CFI = 0.91, RMSEA = 0.11 with 90% confidence inter-
vals = 0.10–0.13, p value for close fit < .001; standardized
RMR = 0.07).

We next estimated a liberalized version of the two factor
model where we relaxed the constraint of equal influence of
general processing speed on the observed IAT measures.
This model constrained the influence of general processing
speed to be equal for M + A� (k9 = k10 = k11 = k12) and
M-A+(k13 = k14 = k15 = k16), but not across the two clas-
ses of measures (i.e. it was not the case that k9, k10, k11
and k12 had to equal k13, k14, k15, and k16). In addition,
the model permitted all of the parameters from k1 through
k8 to be free to vary. The model yielded borderline ade-
quate fit for some of the fit indices but not others (v2

(87) = 188.6, p < .001; GFI = 0.87; CFI = 0.94,
RMSEA = 0.08 with 90% confidence intervals = 0.06–
0.09; p value for close fit < .001; standardized
RMR = 0.05). The standardized path coefficients (factor
loadings) from the latent IAT to the M + A� indicators
were reasonable in magnitude (k1 = 0.62, k2 = 0.78,
k3 = 0.62, k4 = 0.66), but the corresponding coefficients
for M-A+ (which are predicted by the IAT to be opposite
in sign to the M+A- indicators) were much lower in mag-
nitude (k5 = �0.16, k6 = �0.12, k7 = �0.14, k8 = �0.15).
At best, this model suggests that the IAT measures load
differently on the underlying implicit attitude, questioning
the traditional IAT computation methods. Only two of
the six fit indices suggested adequate model fit, so a more
rigorous interpretation is to reject the viability of even this
liberalized version of the psychometric model underlying
the IAT.
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9 All significance tests of parameters were replicated using bootstrapping
and the results yielded comparable conclusions throughout all of our
analyses.
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Exploratory two-factor model with processing speed

Fit diagnostics in the above analyses suggested that a
differently structured two-factor model could best account
for the data. For this model, the M + A� reaction times
are influenced by one implicit attitude construct and the
M � A+ reaction times are influenced by another implicit
attitude construct. This model is shown in the upper por-
tion of Fig. 6. One would expect from the IAT scoring
methods that these constructs would be negatively correlat-
ed, but in our analyses, the correlation was 0.51, p < .01.
This positive correlation could occur because these two
constructs also share a common influence of general pro-
cessing speed. The model was therefore altered so as to cov-
ary out general processing speed from the two latent
attitude variables, with the partial correlation being reflect-
ed in the correlated residuals in Fig. 6. The model yielded
good fit to the data (v2 (87) = 134.3, p < .001;
GFI = 0.92; CFI = 0.97, RMSEA = 0.05 with 90% confi-
dence intervals = 0.03–0.07; p value for close fit < .401;
standardized RMR = 0.046). There were no offending esti-
mates and no notable modification indices. The standard-
ized parameter estimates are presented in Fig. 6. The
estimated partial correlation between the two IAT con-
structs after controlling for processing speed was not nega-
tive, as one might predict, but instead it was near zero,
r = 0.006 (ns).

We next used this model as a basis for a criterion-predic-
tion model that predicted the math identification outcome
(a latent variable with three indicators) from the two atti-
tude constructs with general processing speed assuming
the role of a covariate (see Fig. 7). The model yielded good
fit to the data (v2 (129) = 181.1, p < .002; GFI = 0.91;
CFI = 0.98, RMSEA = 0.04 with 90% confidence inter-
vals = 0.03–0.06; p value for close fit < .79; standardized
RMR = 0.05). The standardized regression coefficients
for the latent variables were 0.32 for the latent M + A�
(p < .002), �0.72 for the latent M � A+. (p < .001) and
0.50 for general processing speed (p < .001).9 It appears
from the coefficients that explicit math identification is
influenced primarily by the latent implicit M � A+, such
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that explicit math identification is higher for people who
are slow to associate math with negative words and arts
with positive words.10 It is likely that this effect reflects
the causal influence of negative math associations, not
the effect of positive arts associations, but, one cannot be
sure because the two associations are confounded in the
IAT measurement strategy. There also was a significant
M + A� effect, but it was statistically significantly smaller
than the effect for M � A+. These findings suggest that an
equal weight differencing model for predicting math identi-
fication from these constructs is not appropriate. Finally,
the results indicate that those with quicker reaction times
have a stronger identification with math. This suggests that
10 A nested chi square test of the difference between the two unstan-
dardized coefficients for the IAT predictors, adjusted to have a common
sign, was statistically significant (v2 = 6.60, df = 1, p < .01).
processing speed is reflective of general ability-related indi-
vidual differences that influence a person’s academic orien-
tation independent of implicit attitudes.

Discussion

Study 1 was designed to replicate a documented IAT
phenomenon for the purpose of testing the appropriateness
of (a) the IAT causal model that can justify interest in ‘‘rel-
ative implicit attitudes’’ at the conceptual level and (b) IAT
measurement models that can justify computing a differ-
ence between the two observed IAT scores. Our findings
raised questions in both respects.

With regards to the IAT causal model, the assumption
of equal-but-opposite influences of math and art attitudes
was violated when analyses focused on explicit measures.
This suggests caution when assuming such a causal struc-



12 With the race IAT, the correlation structure that will justify the
double-barreled format and that will lead to a single-factor solution is one
in which the positive associations for Blacks are strongly and negatively
correlated with the positive associations for Whites, the negative associ-
ations for Blacks are strongly and negatively correlated with the negative
associations for Whites, and the positive and negative associations for the
same attitude object are strongly and negatively correlated. If this
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ture with implicit measures. Although it is possible that the
causal dynamics are different at the level of implicit atti-
tudes, we know of no theory that would predict this to
be the case. Our data suggest that researchers should use
caution and ensure that they are studying a phenomenon
that fits the causal model of equal but opposite influences
of the two implicit attitudes.

Concerns also were raised with regards to the single fac-
tor IAT measurement model and variants of it. The lack of
fit of for the single-latent models—even in models that took
into account general processing speed—suggests that the
M + A� and M � A+ judgments do not assess the same
psychological construct. Our model tests suggested an
alternative measurement model that treats the ‘‘compati-
ble’’ and ‘‘incompatible’’ IAT judgments as distinct psy-
chological constructs that can have different influences on
psychological criteria. These differential influences argue
against calculating a simple difference score between the
constructs when predicting a criterion, as traditional IAT
practice would dictate. Such a practice can result in appli-
cation of a misspecified model.

An obvious question is whether the two-factor structure
of the IAT that we isolated replicates. It does. In a recent
study (Christie, Blanton, & Jaccard, 2005), we used a sam-
ple of 223 students to investigate the race IAT. We also
have investigated the self-esteem IAT (associating Self ver-
sus Other with Pleasant versus Unpleasant) by reanalyzing
the original data from Greenwald and Farnham (2000,
Study 1).11 And, we have investigated the gender-stereotyp-
ing IAT (associating women versus men with math versus
arts) and the gender identification IAT (associating women
versus men with self versus other) by analyzing other mea-
sures administered to the current sample (Gonzales, 2002).
In every instance, we observed poor model fit when we
imposed models that assumed that the IAT measured a sin-
gle implicit relative attitude construct. All IAT measures
we have examined instead have the two-factor factor struc-
ture observed in Study 1.

Our models not only suggest that IAT research should
move forward using the separate components of the IAT
as predictors, but that one also must confront the fact that
general processing speed is a major source of variation in
these component scores. Sometimes this variation will be
artifactual and hence, it should be controlled for. But other
times, general processing speed will reflect individual differ-
ence variables that are a meaningful source of variation in
implicit attitudes. The IAT as traditionally applied is limit-
ed because it demands that researchers treat all of the indi-
vidual difference variables that are manifest as general
processing speed as artifactual (see Appendix A).

Why the model misspecification?

We believe that a limitation of the IAT as revealed in
Study 1 has to do with the IAT item format, shown in
11 We thank Tony Greenwald for making these data available to us.
Fig. 1. Note, that each ‘‘question’’ in the IAT has what psy-
chometricians call a ‘‘double barreled format.’’ That is,
participants reveal their standing on two psychological
constructs via a single response. In psychometric scale con-
struction using explicit measures, such items are avoided
because they often cannot represent individuals’ true eval-
uations. For example, individuals who have positive evalu-
ations of both Whites and Blacks will find it difficult to
represent their attitudes if they are asked to agree or dis-
agree with the statement ‘‘Whites are good and Blacks
are bad.’’ To the extent that explicit attitudes towards
Whites and Blacks are not (a) biploar in nature and (b)
strongly negatively correlated with one another, then it is
difficult to make sense of responses to such statements.
For the race IAT, response latencies on just the compatible
task are influenced by two associations, (1) the association
between Whites and positive concepts and (2) the associa-
tion between Blacks and negative concepts. This IAT
‘item’’ is thus double-barreled, in the sense it is influenced
by two distinct association strengths. If the two associa-
tions being measured with this one task are strongly and
negatively correlated, then assessing them with a single task
is not problematic. If their correlation is weak, then this
measurement strategy is questionable. Similar arguments
can be made for the incompatible task. Adding an addi-
tional level of complexity, if the two associations measured
in the double-barreled compatible task and the two associ-
ations measured in the double-barreled incompatible tasks
do not have strong and meaningful inter-correlations, then
one would not expect the two IAT response latencies to
load on to a single latent factor.12

Where from here?

We believe that a fruitful area for new research will be to
design new measures that do not suffer from the ambigui-
ties inherent in the IAT. In this spirit, Study 2 introduces
a new implicit association test that we call the Simple Asso-

ciation Test (SAT). This measure seeks to separate out the
association types that are arbitrarily grouped together in
the IAT. It is a single-target IAT in that it seeks to measure
the implicit evaluations of a single attitude object rather
than a relative preference. A number of other single-target
implicit attitude measures have been developed recently
(De Houwer, 2003; Fazio, Jackson, Dunton, & Williams,
1995; Karpinski & Steinman, in press; Nosek & Banaji,
2001; Schnabel et al., 2005). Although these new measures
correlation structure is not operating, then one should be suspect of the
use of the IAT. No studies to date have tested if such a structure exists for
any current IAT measures.



13 Note that the crucial assumption is that of constancy, not neutrality.
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have the potential to test a wider range of causal models
than can be examined with traditional versions of the
IAT, researchers who have developed the measures have
not tested whether their computational strategies are sup-
ported by empirically grounded measurement models.
Rather, test designers simply perform operations on their
data that seem intuitively meaningful or that have prece-
dence in the field. Study 2 illustrates a strategy for develop-
ing implicit measures that have defensible measurement
models. In the process, the results provide insights into
why the two IAT component judgments did not load on
a single attitude construct in Study 1.

The control-category IAT: Making a relative measure a non-
relative measure

To highlight a critical difference between the SAT and
the traditional IAT, we first discuss a strategy that
researchers have used in the past, in an apparent effort to
make the traditional IAT less relative in nature. This is
the incorporation of a ‘‘control category’’ that is not
expected to have a causal influence on a criterion. As an
example, Swanson et al. (2001) investigated smoking using
an IAT that assessed the relative implicit attitudes for
‘‘smoking’’ versus ‘‘sweets.’’ Intuitively, ‘‘sweets’’ seems
to be an attitude object that is irrelevant to smoking, and
so one might conclude that it is inconsequential to incorpo-
rate implicit evaluations of sweets into a research program
that is focused on predicting smoking criteria. This is not
necessarily the case. If one regresses a criterion onto two
implicit evaluations separately, one obtains:

Y ¼ aþ b1 ESMOKING þ b2 ESWEETS þ e ð4Þ
If it is the case that the implicit evaluation of sweets is not
related to the criterion, then b2 is zero and the equation
becomes

Y ¼ aþ b1 ESMOKING þ e

and the criterion is a simple linear function of the implicit
attitude toward smoking. Recall, however, that the IAT
measures a difference in smoking and sweets attitudes, so
one makes the assumption that b1 and b2 are of equal value
but opposite in sign:

Y ¼ aþ b RIEþ e ð5Þ
Y ¼ aþ b ESMOKING � b ESWEETS þ e ð6Þ

If implicit sweets attitudes do not predict the criterion,
then the estimate of b in Eqs. (5) and (6) typically will be
an intermediate value between 0 (the true value of b2)
and the true value of b1. The standard technique of
regressing criteria onto IAT scores will therefore not repre-
sent either b1 or b2, so the strategy of using a ‘‘control cat-
egory’’ is problematic. Imagine, for instance, that implicit
evaluations of smoking exert a strong influence on smok-
ing behavior but that implicit evaluations of sweets have
no effect at all on this same criterion. If one regresses
smoking behavior onto the smoking–sweets IAT, then
one might incorrectly conclude that implicit evaluations
are a moderate or weak predictor of smoking behavior,
even though they are a strong predictor (see Swanson
et al., 2001).

There is a scenario, however, where a control category
may be useful and this logic was incorporated into the
SAT. If one assumes that the evaluation of the control cat-
egory is constant for all study participants, then the IAT
may be viable because variations in the relative implicit
evaluation will actually reflect a single evaluation, not the
difference between two evaluations. That is, if the relative
implicit evaluation can be represented as

RIE ¼ ESMOKING � ESWEETS

where ESWEETS is a constant, k, then we obtain

Y ¼ aþ b ðESMOKING � kÞ þ e

and the value of b is identical to that of the equation

Y ¼ aþ b ESMOKING þ e

because subtracting a constant from a predictor does not
alter its regression coefficient. We think it unlikely that
evaluations of the concept of sweets function as a constant,
so Study 2 sought a category that might have this quality
for use in the SAT.13

Study 2

Respondents

The total sample consisted of 170 White undergraduate
psychology students who participated for course credit.
Following IAT conventions, 20 participants were eliminat-
ed for having greater than 15% error rates. One participant
was eliminated from the final analyses due to a failure to
complete the explicit measures. The final sample thus con-
sisted of 149 participants (86 female, 63 male), ages 17–24
(mean = 18.97, SD = 1.36).

Measures

Simple association test

The SAT presented stimuli from six different categories
on a computer screen. Two of the categories were the atti-
tude objects used in the race IAT: Blacks (African Ameri-
can names) and Whites (European American names). Two
of the categories were the evaluative anchors commonly
used in the race IAT: Positive (positively valenced words)
and Negative (negatively valenced words). In addition,
the test used two control categories that were hypothesized
to have evaluations that were near neutral and constant.
The two control categories used were furniture (e.g., ‘‘ta-
ble’’ and ‘‘desk’’) and middle (e.g., ‘‘midpoint’’ and
‘‘halfway’’).

To isolate the four association strengths, the SAT had
four separate association tasks. In each task, only one



14 It is worth noting that analysis of the bugs/flower IAT revealed the
same factor structures as was found in the math/arts IAT in Study 1.
15 Our goal here is not to make a strong case that implicit racism does
cause symbolic racism. Our goal is simply to illustrate the methodological
issues involved if one were to try to test theoretically meaningful criterion
models using implicit measures.
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attitude object (e.g., African Americans) and one evalua-
tive category (e.g., positive) was used to create one joint
category, which was then contrasted with the joint cate-
gory created by pairing the two control categories. As an
example, one block of tasks required participants to cat-
egorize stimuli via a key press as being either ‘‘African
American or Positive’’ or as ‘‘Furniture or Middle.’’
The speed of responding on this task was used to repre-
sent the strength of the association for ‘‘Blacks and
Positive’’.

Four association strengths were assessed: Blacks with

positive (B+), Blacks with negative (B�), Whites with

positive (W+), and Whites with negative (W�). In addi-
tion to these experimental blocks, the task involved a
set of practice blocks. The order in which these blocks
were completed was based on protocols common in
the IAT. The first block was a practice block consisting
of 20 trials distinguishing evaluative anchors (positively
and negatively valenced words). The second block was
a practice block consisting of 20 trials distinguishing
attitude objects (African American and European Amer-
ican names). The third block was a final practice block
consisting of 20 trials distinguishing control categories
(furniture and middle stimuli). The next four experimen-
tal blocks each involved 40 trials distinguishing joint
categories. The order in which participants completed
the different types of joint categories was randomly
determined.

Following convention in the IAT literature, response
latencies for the experimental trials were Winsorized to
range from 300 to 3000 ms. We then applied a log-
transformation to the reaction times. In addition, those
participants who had error rates on more than 15% of
the trials were eliminated. For ease of interpretation,
the transformed scores on experimental trials were
reverse coded so that higher scores indicated stronger
association strengths. As in Study 1, we created multiple
indicators of each association strength to allow for
structural equation modeling. The first 3 responses in
each experimental trial was eliminated to reduce noise
during early responding. This left 36 transformed
response latencies that could represent each of the four
association strengths. With each of these trials, four sep-
arate indicators were created by randomly dividing the
36 trials into four subsets of nine trials and then calcu-
lating the average (transformed) response latency for
each of the four groupings.

General processing speed

A measure of general processing speed also was
obtained, but we used a somewhat different strategy than
in Study 1. We had respondents complete a standard
IAT task where the categories were flowers and insects
and the attribute dimensions were positive and negative
(Greenwald et al., 1998). Reaction time scores were ran-
domly selected from these trials and grouped into four indi-
cators. The mean of each indicator was used to model the
influence of the latent construct, general processing
speed.14 We adopted this strategy because the joint catego-
ries in the IAT resemble those in the SAT and so they
might provide a more valid estimate of the processing
demands in this test (see McFarland & Crouch, 2002). As
with the SAT, we Winsorized, log transformed and elimi-
nated respondents with greater than 15% error rates.

Criterion measure

We also obtained a measure of symbolic racism (Henry
& Sears, 2000). This was used as a criterion for prediction
in some of our models. Symbolic racism is a form of preju-
dice that is thought to emanate from abstract, moralistic
reasoning. Items attribute racial disparities to differences
in work ethic and assess concerns for distributive justice.
Based on the theory surrounding this measure, it seemed
reasonable that it might be influenced by implicit evalua-
tions related to the race IAT (Kinder & Sears, 1981; McC-
onahay & Hough, 1976).15 Using this score as a criterion
helped us highlight the greater range of causal models that
can be tested with the new measure.

Results

SAT measurement model

We first tested a number of theoretically meaningful
models to evaluate the SAT factor structure. The first mod-
el tested the assumption that implicit evaluations of Blacks
and Whites could be represented as separate bipolar
dimensions. The response latencies for B+ and B� were
thus assumed to have a single latent variable underlying
them and the response latencies for W+ and W� were
assumed to have a different latent variable underlying
them. General processing speed was included in the model,
in a manner consistent with Fig. 5. The pathways from the
latent variable of general processing speed to the 8 indica-
tors of implicit evaluations toward Blacks were constrained
to be equal to one another, as were the comparable path-
ways to the 8 indicators of implicit evaluations toward
Whites. The variances of the latent variables were fixed at
1.0. Evidence of good fit for this model justifies the view
that implicit evaluations of racial groups are bipolar in
form. The model yielded an unsatisfactory fit to the data
(v2 (165) = 416.137, p < .05; GFI = 0.75; CFI = 0.85;
RMSEA = 0.10; p value for close fit < .05; standardized
RMR = 0.08). More liberal models that varied constraints
on general processing speed also yielded poor model fit (for
reasons that will become more apparent shortly). This
argues against the view that the positive and negative
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implicit associations are simply bipolar opposites for a giv-
en attitude object.

The second model we tested distinguished between the
four latent variables, B+, B�, W+ and W�. Each of these
latent variables was estimated by four separate indicators.
We covaried general processing speed out of each construct
and examined the correlations between the residuals, using
the modeling strategy in Fig. 6. This model yielded good fit
to the data (v2 (160) = 164.66, p < .38; GFI = 0.91;
CFI = 0.99; RMSEA < 0.02; p value for close fit > .05;
standardized RMR = 0.035).

Correlation matrix

From this model, we analyzed the correlations between
the four implicit attitude constructs (partialling out general
processing speed) to gain insight into the implicit attitude
structure. The correlation between B+ and B� was small,
r = 0.03 (ns), as was the correlation between W+ and
W�, r = 0.08 (ns). These values reinforce the view that
implicit evaluations within racial groups are not bipolar
in nature. Rather, the positive and negative implicit evalu-
ations of the two different racial groups appear to be inde-
pendent of one another, as is sometimes the case with
explicit attitudes (Cacioppo & Berntson, 1994; Cacioppo,
Gardner, & Berntson, 1997). This lack of an association
also helps explain why the two IAT component judgments
did not load onto a single implicit attitude factor in Study
1.

Results also revealed a small and significant positive cor-
relation between B+ and W+, r = 0.22, and a significant
positive correlation between B� and W�, r = 0.32
(p < .01). This result suggest that people who associate
Blacks with negative characteristics also tend to associate
Whites with negative characteristics and that people who
associate Blacks with positive characteristics also tend to
associate Whites with positive characteristics. This finding
is hard to reconcile with the notion that implicit racial cat-
egories form ‘‘complementary pairs,’’ as suggested by
Greenwald & Farnham (2000). Rather, it suggests that
some respondents have generally positive or generally neg-
ative associations of different types of people in the world,
a bias that has been observed in the literature on explicit
evaluations (Anderson, 1981).

The only remaining significant correlation was between
W� and B+, r= .37 (p < .01). The direction of this corre-
lation suggests that it is somewhat meaningful to construct
an ‘‘incompatible judgment’’ for the race IAT (because this
task assesses the degree to which participants associate
Whites with positive and Blacks with negative). But the
task also links W+ and B�, which were negligibly
correlated.

Criterion prediction

Because analyses revealed that the SAT tapped four dis-
tinct associations, our causal modeling tested the indepen-
dent influences of these four implicit race attitudes on
symbolic racism. We did this by conducting a latent vari-
able multiple regression analysis in which we regressed
symbolic racism scores onto the four latent variables in
the SAT that represent implicit associations and the latent
variable representing general processing speed. Symbolic
racism was modeled with a single indicator. The overall
model fit was satisfactory (v2 (175) = 177.03, p < .44;
GFI = 0.91; CFI = 0.99; RMSEA < 0.02; p value for close
fit > .05; standardized RMR = 0.04). The multiple correla-
tion was 0.31. The standardized regression coefficient for
B� was the only significant predictor of symbolic racism
(B = 0.23, p < .03). The nature of this effect was such that,
the quicker participants were to associate Blacks with neg-
ative, the higher their symbolic racism scores. The stan-
dardized regression coefficients for the other implicit
evaluations all were non-significant (Bs ranging from
�.01 to .07, ps > .20), as was the coefficient for general pro-
cessing speed, B = 0.07, p < .40. This pattern of results sug-
gests that the tendency to implicitly associate Blacks with
negative is the primary predictor of symbolic racism.

Discussion

Study 2 presented a measure that was designed to
address some of the limitations of the IAT that were high-
lighted in Study 1. Our ‘‘simple association test’’ conceptu-
ally distinguished between the four key associations that
IAT theorists emphasize in the race IAT. Rather than
imposing an arbitrary aggregation of these associations
and then differencing, we maintained each association as
a separate entity that could contribute to criterion predic-
tion in its own right. We elaborated a strategy for obtain-
ing multiple indicators of each latent association and then
we formally tested a measurement model that affirmed the
viability of the indicators as well as the discriminant valid-
ity of the associations after controlling for general process-
ing speed. The value of not combining the four associations
into a single score can be seen in their differential impact on
the criterion. We found that only negative associations
with Blacks had a significant regression coefficient for pre-
dicting ratings on the symbolic racism scale. The tradition-
al race IAT would obscure this dynamic.

General discussion

Decoding the IAT

The IAT has generated considerable theoretical and
methodological interest in recent years. Despite the enthu-
siasm for the approach, a closer analysis reveals that the
IAT framework requires restrictive causal assumptions
and makes measurement assumptions that can be question-
able. Because the IAT is focused on relative implicit evalu-
ations at the conceptual level, theorists who use the IAT to
predict psychological criteria must assume that the implicit
evaluations of two distinct attitude objects combine in an
additive fashion to impact the criterion of interest. They
also must assume that the two implicit evaluations exert
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influences on the criterion that are equal in strength but
opposite in sign. Study 1 revealed a case in which such
assumptions appear not to be warranted. Study 2 showed
the value of developing new measures that do not impose
these restrictions. We found support for a causal model
that views symbolic racism as a set of beliefs that is influ-
enced primarily by the tendency to associate Blacks with
negative characteristics, not with the tendency to associate
Blacks with positive characteristics or with the tendencies
to associate Whites with either positive or negative charac-
teristics. This effect would not be uncovered with standard
IAT measures.

In terms of measurement, IAT researchers have not
made their measurement models explicit. We derived and
tested several a priori plausible measurement models after
‘‘decoding’’ the IAT item format (Fig. 1). One of these
models did not take into account general processing speed
but others did. Study 1 found that none of the models
yielded a satisfactory representation of IAT data. The only
measurement model that did fit the data had a two-factor
structure that arbitrarily grouped two of the four IAT asso-
ciations into one cluster (e.g., M+ and A�) and the other
two associations into a second cluster (e.g., M� and A+).
Contrary to the traditional IAT practice of differencing
these components, we found evidence that the components
were not equally influential on our criterion. Study 2 sug-
gested an approach for developing new implicit measures
and provided some clues as to why the two IAT component
scores failed to load on a single relative attitude dimension.
We think this new approach offers promise, but we admit
work on this measure has just begun.16

Limitations

Like any study, the present research has limitations that
must be kept in mind when evaluating its implications. One
limitation is that we based our analyses on psychometric
models we derived as being a priori plausible, rather than
being based on a psychometric model advocated by IAT
researchers. This is because IAT researchers have not suffi-
ciently elaborated such a model. This problem extends
beyond psychometrics and also becomes relevant at the
conceptual level. More specifically, the meaning of a ‘‘rela-
tive implicit evaluation’’ is ambiguous. One can use a num-
ber of different mathematical functions to represent a
construct that is ‘‘relative.’’ In Eq. (1), we used a difference
16 Numerous threats to validity may apply to the SAT. It is possible that
our assumption of a constant ‘‘control category’’ is wrong. It may be, for
example, that the ‘‘control category’’ is framed as negative when it is
contrasted with positive and as positive when it is contrasted with negative
(see Karpinski, 2004). This needs to be explored. We also think more
research is needed to show that association strength can meet formal
definitions of an ‘‘attitude’’ (see Karpinski & Hilton, 2001; Fazio & Olson,
2003; Fiedler et al., 2004; Rothermund & Wentura, 2001). Although the
results of Study 2 are suggestive, our goal is not to assert that the SAT is a
valid measure of implicit attitudes. We think it is premature to say that
about any implicit association measure.
function for the two implicit evaluations, such that
RIE = EW/EB. But, perhaps another function better cap-
tures the meaning of relative. One alternative mathematical
representation would be a ratio function, where
RIE = EW/EB. In contrast to a difference function, this
function implies an interactive causal model.17 We did
not examine the plausibility of this causal model in Study
1 because we found little evidence that IAT researchers
meant to imply a ratio function, whereas they have made
statements that imply a difference function (see Footnote
1).

Studies 1 and 2 presented new ways of dealing with gen-
eral processing speed, but the need for such methods points
to a limitation inherent in all response latency measures.
The traditional method for ‘‘factoring out’’ processing
speed relied on simple differencing (Greenwald et al.,
1998). We showed how this approach can only remove pro-
cessing speed confounds under restrictive conditions (see
Appendix A). More recent approaches have relied on
somewhat arbitrary scoring algorithms. A better approach
is to model the influence of general processing speed direct-
ly in the data and to test the influence of implicit evalua-
tions on criteria after this influence has been controlled.
This was illustrated in Studies 1 and 2. It is important to
note, however, that general processing speed remains a
challenge for the IAT, the SAT and all response latency
measures of attitudes. No analytic method will change
the fact that the largest source of variation in the compo-
nent parts of these measures probably is systematic error
and that variation due to processing speed sometimes
may reflect meaningful variation rather than simple
method variance.

Future research on implicit attitudes

It might be argued that our concerns regarding measure-
ment and causal models are allayed by evidence that the
IAT and other implicit measures often are predictive of
meaningful criteria (e.g., Asendorpf, Banse, & Muecke,
2002 Florack, Scarabis, & Bless,2001; Florack et al.,
2001; Hugenberg & Bodenhausen, 2003; McConnell & Lei-
bold, 2001; Nosek et al., 2002; Poehlman, Uhlmann,
Greenwald, & Banaji, 2000; Poehlman et al., 2004). How-
ever, the issue at hand is not whether the IAT can predict
criteria. The issue at hand is whether the results of criteri-
on-prediction studies are subject to meaningful interpreta-
tion and capture the true underlying causal dynamics. To
wit, Study 1 investigated a strong IAT–criterion relation-
17 For a ratio function, RIE = EW/EB (where EW is the implicit
evaluation of Whites and EB is the explicit evaluation of Blacks). To
predict a criterion with this function, the simple linear model, Y = a + b
RIE + e, or, Y = a + b (EW/EB) + e. This is the same as, Y = a + b
(EW)(1/EB) + e. The presence of the product term implies a bilinear
interaction between EW and EB, which is quite distinct from the additive
function that characterizes differencing.
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ship, but it also suggested that the types of interpretations
that researchers have imposed in the past may not be
warranted.

We think implicit measures of attitudes represent an
interesting throw-back to other research paradigms from
the past 50 years that were aimed at deriving indirect mea-
sures of attitudes that are not under the volitional control
of the individual. These include unobtrusive observation
(Webb, Campbell, Schwartz, & Sechrest, 1966), the bogus
pipeline (e.g., Jones & Harold, 1971), galvanic skin
response (Rankin & Campbell, 1955), pupillary response
(Hess & Polt, 1960), and facial electromyographic activity
(Cacioppo & Petty, 1979). Many of these efforts showed
initial promise but ultimately suffered from one or more
non-trivial drawbacks that undermined their widespread
adoption. Our hope is that researchers will consider these
examples and then take a step back to design new implicit
measures that are conceptually flexible and that have
explicit, well developed, and testable (i.e., falsifiable) psy-
chometric models that can accommodate the complex
dynamics of social behavior. With such measures in hand,
it will make sense to test and interpret the relationship
between implicit attitudes and psychological criteria.

Appendix A. Controlling general processing speed

This appendix discusses two strategies for removing the
effects of general processing speed. The first is the ‘‘tradi-
tional’’ strategy of computing a simple difference between
the compatible and incompatible response times (Green-
wald et al., 1998). The second is the new scoring algorithms
suggested by Greenwald et al. (**2003, Nosek, Greenwald
and Banaji, 2005). Both methods attempt to expunge pro-
cessing speed from the IAT score, rather than statistically
controlling for it in the context of a broader model being
tested with a given data set.

A.1. Conditions where simple differencing factors out general
processing speed

A necessary condition for difference scoring to ‘‘control
for’’ general processing speed successfully is that the com-
patible and the incompatible judgments must be influenced
to the same degree by it. This can be shown with simple
algebra. The path model in Fig. 3 implies the following
measurement equations:

CRT ¼ a2 þ k1 RIEþ k3 GPSþ e2;

IRT ¼ a1 þ k2RIEþ k4 GPSþ e1.

For ease of presentation, we assume that the relative
implicit evaluation (RIE) has an equal but opposite influ-
ence on the compatible reaction time (CRT) and incompta-
ible reaction time (IRT), and so k2 = k1. (Results of Study 1
argue against this simplifying assumption, but the conclu-
sions drawn in this appendix do not change if this assump-
tion is violated.) The key assumption in our analysis is that
general processing speed (GPS) exerts an equal influence
on CRT and IRT, and so k3 = k4. Under this set of condi-
tions, the IAT difference score becomes

IRT� CRT ¼ ½a1 þ k1 RIEþ k3 GPSþ e1� � ½a2
þ�k1 RIEþ k3 GPSþ e2�

¼ ða1 � a2Þ þ 2k1 RIEþ ðe1 � e2Þ.

The only factors creating variation in the difference score in
the last equation are the relative implicit evaluation and
random measurement error. Thus, the difference score will
yield an estimate of an individual’s relative implicit evalu-
ation that is free of general processing speed, provided that
general processing speed exerts equal influence on the two
component scores.

To date, the assumption that general processing speed has
an equal influence on CRT and IRT has not been tested, but
it seems likely that it often is not justified. One source of
doubt derives from research on task performance and task
difficulty. A large literature suggests that general abilities
(e.g., general processing speed) influence performance on
specific tasks (e.g., reaction time for IAT tasks) differentially
as a function of task difficulty (Ackerman, 1986, 1987). For
researchers to argue that general processing speed exerts the
same influence on the compatible and incompatible tasks,
they also must argue that the two judgments are equal in dif-
ficulty. This seems to contradict the theory surrounding the
IAT, which supposes that incompatible categorizations typ-
ically will be harder for people to make than compatible cat-
egorizations (Greenwald et al., 1998).

Results of recent studies suggest that differences in task
difficulty are, in fact, creating a processing speed confound
in IAT scores. These studies indicate that overall reaction
times correlate with IAT difference scores (Greenwald
et al., 2003;Hummert,Garstka,O’Brien,Greenwald,&Mel-
lott, 2002;McFarland&Crouch, 2003) and that conceptual-
ly unrelated IAT share method variance (McFarland &
Crouch, 2003). This suggests that general processing speed
may not be factored out by computing a difference score.

A.2. New scoring algorithms

An alternative strategy for factoring out general pro-
cessing speed has been suggested by Greenwald et al.
(2003). These authors introduced a scoring algorithm that
they feel effectively does so and that also yields a better
index of the relative implicit evaluation. More specifically,
they evaluated several different scoring methods and
favored those methods that minimized the correlation
between an index of general processing speed and the
IAT difference score and that maximized the correlation
between the IAT and explicit measures of relative attitudes.

One problem with the approach of Greenwald et al.
(2003) is that researchers do not know the extent to which
the new scoring procedure truly removes the influence of
general processing speed for any given research applica-
tion. The observed correlations of the newly scored IAT
and general processing speed that Greenwald et al. report-
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ed were low for the particular topics that they studied.
However, a researcher will not know if this is true for his
or her particular IAT measure unless an index of general
processing speed is obtained and its correlation with the
IAT score examined. Once a researcher has gone to the
effort of measuring general processing speed to answer this
question, it is a dubious strategy to use the somewhat ad
hoc and inexact methods for controlling processing speed
advocated by Greenwald, Nosek and Banaji. The better
approach is to obtain multiple indicators of general pro-
cessing speed (so as to adjust for random measurement
error) and then use these in a structural equation model
to explicitly partial out its effects in a formal system of the-
oretically guided linear equations.

Another issue with the scoring method is the algebraic
strategy it uses to control for general processing speed.
The primary way that this is accomplished is by dividing
the IAT difference score for a respondent by the standard
deviation of that person’s response latencies computed
across compatible and incompatible tasks (see Greenwald
et al., 2003, for details). This takes the general form of
(IRT–CRT)/r. If dividing by the standard deviation con-
trols for general processing speed, then r should be highly
correlated with an independent measure of it. In our data,
the correlation of r with indicators of general processing
speed was approximately 0.45, suggesting that rmay reflect
factors other than general processing speed. The result will
be inexact control of true general processing speed. One
also should provide a theoretical account for why it is pref-
erable to divide IAT scores by an indirect estimate of pro-
cessing speed, r, rather than statistically controlling for a
more direct estimate of it in the context of a broader model.

Finally, we note that some of the criteria used by Green-
wald et al. to settle on a scoring method are controversial.
For example, Greenwald et al. suggested that an optimal
IAT scoring procedure should maximize the correlation
between the measures of implicit evaluations and measures
of explicit evaluations. This represents one plausible view
of implicit attitudes—that they reflect evaluations that
are conceptually related to their explicit counterparts. It
is not the only plausible view. For example, Banaji (2001)
argued that implicit and explicit measures should be inde-
pendent of one another because in ‘‘the research world in
which conscious and unconscious attitudes are seen to be
conceptually distinct, the low correlation or lower correla-
tion between measures within the same family is taken as
evidence of validity, not a challenge to it.’’ (pp. 143).

A.3. Method variance or meaningful variance?

An additional complication of removing the influence of
general processing speed is that general processing speed
can have a meaningful relationship rather than an artifac-
tual relationship to the theoretical constructs one wishes to
represent. For instance, suppose that general processing
speed is reflective of intelligence, more or less. Suppose also
that intelligence is related to implicit self-esteem such that
people with higher intelligence have higher implicit self-es-
teem. In this case, one expects general processing speed to
be correlated with the latent construct of interest. If a scor-
ing algorithm removes the influence of general processing
speed on the observed measure, it also would remove some
of the true variation in implicit self-esteem, namely that
portion of implicit esteem that covaries with intelligence.
The result can be a distorted self-esteem index that will bias
parameter estimates in the broader model under investiga-
tion. Scoring corrections that try to expunge general pro-
cessing speed from the observed IAT score force the
theorist to assume that the true implicit attitude does not
covary at all with general processing speed or constructs
that are correlated with general processing speed. This is
problematic because there is empirical literature linking
constructs such as intelligence, academic achievement,
and other cognitive abilities to many of the types of vari-
ables studied in IAT research. These include self-esteem
(Greenwald & Farnham, 2000), racist attitudes (Monteith,
Voils, & Ashburn, 2001; Ottaway, Hayden, & Oakes, 2001;
Rudman, Greenwald, Mellott, & Schwartz, 1999), homo-
phobia (Banse, Seise, & Zerbes, 2001), sexual risk taking
(Marsh, Johnson, & Scott-Sheldon, 2001), and racial dis-
crimination (McConnell & Leibold, 2001). These litera-
tures suggest that one might expect correlations between
general processing speed and valid IAT measures of these
constructs and that these correlations would not be artifac-
tual but conceptually meaningful.
A.4. Conclusion

Given the above, we believe that future research on
implicit evaluations will be served best if researchers do
not attempt to control for processing speed confounds
either by differencing or by employing the new scoring
algorithm in Greenwald et al. (2003). Instead, researchers
should pursue the general strategies we introduce here of
measuring general processing speed and then modeling its
effects in the data as dictated by the more general role of
general processing speed in the broader model being tested.
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