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Self-esteem, arguably the most important attitudes an individual possesses, has been a premier research
topic in psychology for more than a century. Following a surge of interest in implicit attitude measures
in the 90s, researchers have tried to assess self-esteem implicitly to circumvent the influence of biases
inherent in explicit measures. However, the validity of implicit self-esteem measures remains elusive.
Critical tests are often inconclusive, as the validity of such measures is examined in the backdrop of
imperfect behavioral measures. To overcome this serious limitation, we tested the neural validity of the
most widely used implicit self-esteem measure, the implicit association test (IAT). Given the concep-
tualization of self-esteem as attitude toward the self, and neuroscience findings that the reward-related
brain regions represent an individual’s attitude or preference for an object when viewing its image,
individual differences in implicit self-esteem should be associated with neural signals in the reward-
related regions during passive-viewing of self-face (the most obvious representation of the self). Using
multi-voxel pattern analysis (MVPA) on functional MRI (fMRI) data, we demonstrate that the neural
signals in the reward-related regions were robustly associated with implicit (but not explicit) self-esteem,
thus providing unique evidence for the neural validity of the self-esteem IAT. In addition, both implicit
and explicit self-esteem were related, although differently, to neural signals in regions involved in
self-processing. Our finding highlights the utility of neuroscience methods in addressing fundamental
psychological questions and providing unique insights into important psychological constructs.
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In the past two decades, implicit attitude measures (most prom-
inently, the Implicit Association Test [IAT]; Greenwald, McGhee,
& Schwartz, 1998) have attracted a surge of interest from scientists
and the public as a tool to uncover unconscious attitudes, that is,
attitudes that an individual is unable or unwilling to report. Still,
some remain skeptical of implicit measures’ validity (Blanton,
Jaccard, Christie, & Gonzales, 2007; Blanton et al., 2009). Among

all attitude domains to which implicit measures have been applied,
no domain has attracted more skepticism than self-esteem. Implicit
methods to measure self-esteem have been criticized as lacking
sufficient validity (i.e., low convergent and predictive validity, low
test–retest reliability; Bar-Anan & Nosek, 2014; Bosson, Swann,
& Pennebaker, 2000; Buhrmester, Blanton, & Swann, 2011; Falk
& Heine, 2015; Falk, Heine, Takemura, Zhang, & Hsu, 2015;
Rudolph, Schroder-Abe, Schutz, Gregg, & Sedikides, 2008), and
some authors have even concluded in favor of invalidity (Buhrm-
ester et al., 2011; Falk et al., 2015).

It is difficult, however, to make a definitive contribution to
that debate, because validity has been assessed in reference to
other imperfect behavioral measures. For example, Falk et al.
(2015) collected nine implicit measures of self-esteem from
three groups of participants (Euro-Canadians, Asian-Canadians,
Japanese). The implicit measures were uncorrelated with each
other across all three groups, demonstrating the low convergent
validity of implicit self-esteem measures. However, we cannot
conclude from these results that all implicit self-esteem mea-
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sures are invalid: even if one measure was perfectly reliable and
valid, no correlation would emerge in the case in which all other
measures were invalid.

Similarly, the low predictive validity of implicit self-esteem
measures found in prior research may be attributable to biases in
selecting criterion variables. Researchers have typically selected
criterion variables based on understanding of what explicit self-
esteem is (Bosson et al., 2000; Falk et al., 2015). As a conse-
quence, almost all criterion variables have been strongly correlated
with explicit self-esteem measures, but not with implicit self-
esteem measures (Bosson et al., 2000; Falk et al., 2015; for a
review, see Buhrmester et al., 2011). Given the divergent validity
of implicit and explicit self-esteem (Bosson et al., 2000; Buhrm-
ester et al., 2011; Falk et al., 2015; Greenwald & Farnham, 2000;
Rudolph et al., 2008), this literature may not be a fair test of the
predictive validity of implicit self-esteem measures. Stated other-
wise, lack of predictive validity may simply reflect unclarities in
the definition of implicit self-esteem.

We aim to overcome this methodological and conceptual limi-
tation and provide independent evidence for the validity of an
implicit self-esteem measure. In particular, we investigate whether
implicit self-esteem, as measured by the IAT, is associated with
robust neural representations. We focused on the IAT, because it is
more reliable than other implicit measures in terms of internal
consistency and test–retest reliability (Bosson et al., 2000; Krause,
Back, Egloff, & Schmukle, 2011; Rudolph et al., 2008). We
emphasize that, although we use a neuroimaging method, our
primary objective is to address a psychological question (i.e., the
validity of an implicit self-esteem measure) rather than a neuro-
science question (e.g., neural correlates of implicit self-esteem).
We thus adopt a neuroimaging approach known as psychological
hypothesis testing (Amodio, 2010).

More specifically, we test whether self-esteem IAT scores are
robustly associated with neural activation in the reward-related
brain regions (Bartra, McGuire, & Kable, 2013; Kolling, Beh-
rens, Wittmann, & Rushworth, 2016; Schultz, 2015; Sescousse,
Caldu, Segura, & Dreher, 2013) in response to self-face—
arguably, the most obvious, immediate, and authentic represen-
tation of the self. Previous neuroimaging studies demonstrated
that incidental preferences or attitudes toward various stimuli
are automatically represented (i.e., without asking participants
to report how they feel about the stimuli) in the reward-related
areas, such as striatum and ventromedial prefrontal cortex
(vmPFC; Izuma, Shibata, Matsumoto, & Adolphs, 2017; Leb-
reton, Jorge, Michel, Thirion, & Pessiglione, 2009; Levy, Laz-
zaro, Rutledge, & Glimcher, 2011; Smith, Bernheim, Camerer,
& Rangel, 2014; Tusche, Bode, & Haynes, 2010), and that
individual differences in neural activities in these regions in
response to rewarding stimuli are correlated with self-reported
positive affect or preference for the stimuli (Bjork et al., 2004;
Hariri et al., 2006; Knutson, Adams, Fong, & Hommer, 2001;
Knutson, Taylor, Kaufman, Peterson, & Glover, 2005; Wu,
Bossaerts, & Knutson, 2011). Furthermore, prior neuroimaging
studies have shown the involvement of these reward related
regions in explicit (but not implicit) self-esteem, as measured
by a standardized questionnaire (i.e., trait self-esteem; Chavez
& Heatherton, 2015; Frewen, Lundberg, Brimson-Theberge, &
Theberge, 2013; Oikawa et al., 2012) as well as momentary
shift in how individuals feel about themselves (i.e., state self-

esteem; Will, Rutledge, Moutoussis, & Dolan, 2017). The re-
sults of a more recent study (Chavez, Heatherton, & Wagner,
2017) also indicated that people’s tendency to view themselves
in a positive manner is reflected in neural activations in the
vmPFC, suggesting that, like preferences for consumer goods,
positive attitudes toward the self are associated with activity in
reward-related brain regions. In other words, neural responses
in the reward-related brain regions while viewing self-face is an
appropriate criterion variable, because of a close theoretical fit
between what the self-esteem IAT scores and the neural re-
sponses should reflect (i.e., automatic evaluation of the self).

Thus, given that self-esteem is often conceptualized as attitude
toward the self (Sedikides & Gregg, 2003), and implicit self-
esteem is commonly defined as the association of the concept of
self with positive or negative valence (Greenwald et al., 2002), if
the IAT is a valid measure of self-esteem, its scores should be
associated with neural signals in the reward-related brain regions.
Stated otherwise, if self-esteem IAT scores did not reflect individ-
ual differences in any meaningful psychological trait (Buhrmester
et al., 2011; Falk et al., 2015), it would be highly unlikely to
observe an association between self-esteem IAT scores and neural
signals in the reward-related brain regions.

In doing so, we employed a functional neuroimaging tech-
nique (functional MRI or fMRI) combined with a machine
learning technique called multi-voxel pattern analysis (MVPA;
Haynes & Rees, 2006; Norman, Polyn, Detre, & Haxby, 2006).
MVPA is known to be more sensitive in detecting different
psychological, cognitive, or perceptual states than conventional
fMRI data analysis (Izuma et al., 2017; Jimura & Poldrack,
2012; Sapountzis, Schluppeck, Bowtell, & Peirce, 2010) and
thus suitable for identifying potentially complex associations
between implicit self-esteem and neural signals in reward-
related brain regions (see Methods for more details). Indeed,
using MVPA, a previous fMRI study (Ahn et al., 2014) dem-
onstrated that it is possible to predict individual differences in
attitudes (political ideology) based on brain activities. Ahn et
al. (2014) found that a correlation between actual political
attitudes measured by a questionnaire and predicted attitudes
based on MVPA was fairly high (r � .82), suggesting that
MVPA is a reliable method for identifying the relation between
an attitude measure and brain activities.

We scanned the brains of 43 individuals via fMRI while
presenting them with pictures of their own face (Figure 1; see
Methods for power analysis). We instructed participants to
carry out a simple attention task while viewing pictures; we did
not ask them to consider how they felt about themselves.
Following the fMRI scanning, each participant completed the
self-esteem IAT (Greenwald & Farnham, 2000) as well as two
explicit self-esteem measures: Rosenberg Self-Esteem Scale
(RSES; Rosenberg, 1965) and State Self-Esteem Scale (SSES;
Heatherton & Polivy, 1991). By applying MVPA to the fMRI
data, we were able to test whether participants’ level of implicit
self-esteem was reliably predicted from neural signals obtained
while viewing their own faces. We further examined whether
explicit self-esteem scores (RSES) can be similarly predicted by
neural signals in the reward-related brain regions, aiming to
provide evidence for the divergent validity of implicit versus
explicit self-esteem.

T
hi

s
do

cu
m

en
t

is
co

py
ri

gh
te

d
by

th
e

A
m

er
ic

an
Ps

yc
ho

lo
gi

ca
l

A
ss

oc
ia

tio
n

or
on

e
of

its
al

lie
d

pu
bl

is
he

rs
.

T
hi

s
ar

tic
le

is
in

te
nd

ed
so

le
ly

fo
r

th
e

pe
rs

on
al

us
e

of
th

e
in

di
vi

du
al

us
er

an
d

is
no

t
to

be
di

ss
em

in
at

ed
br

oa
dl

y.

344 IZUMA, KENNEDY, FITZJOHN, SEDIKIDES, AND SHIBATA



Method

Participants

We recruited 48 women from the York Neuroimaging Centre
participant pool. All participants were current students at the
University of York. The literature suggests gender differences in
self-esteem (Bleidorn et al., 2016; Kling, Hyde, Showers, &
Buswell, 1999) as well as in the relationship between perceived
self-face attractiveness and self-esteem (Pliner, Chaiken, & Flett,
1990). Thus, while passive viewing of self-face would induce
neural signals related to automatic evaluation of the self in both
genders, the sensitivity of such responses might differ across
genders. Accordingly, we recruited only females in an effort to
bypass such differences in this first, validation study. Other inclu-
sion criteria were: (a) ages of 18 to 28, (b) right-handedness,1 (c)
native command of the English language, (d) no history of neuro-
logical or psychiatric illness, and (e) no metal body implants or
devices. We excluded five participants from the analyses: Three of
them did not complete the fMRI session (two because of a problem
with an fMRI scanner, one because of her decision to withdraw),
and the remaining two were identified to have a brain anomaly.
The final sample consisted of 43 participants aged 18–28 years
(M � 20.9, SD � 2.46). All participants provided written informed
consent. Ethics approval was granted by the York Neuroimaging
Centre Ethics Board.

Power Analysis

We estimated the effect size to be r � .392 based on a previous
investigation (Ahn et al., 2014). As in the present study, Ahn et al.
(2014) attempted to predict individual difference in social attitudes
on the basis of fMRI signals. They focused on political attitudes,
and reported that the correlation between predicted and actual
attitudes across participants (N � 83) was r � .82. One crucial
difference between Ahn et al.’s investigation and the present study
is that our behavioral measure (i.e., IAT) is likely to be noisier than
their measure of political attitudes. We estimated the difference in
measurement noise based on test–retest reliability. Ahn et al.
(2014) reported that the test–retest reliability of political attitudes
was r � .952, whereas the test–retest reliability of the self-esteem
IAT is r � .455; this is the average reliability of the following five
studies (weighted by number of participants): r � .69 (Bosson et
al., 2000), r � .54 (Krause et al., 2011), r � .54 (Rudolph et al.,
2008, Study 1), r � .52 (Greenwald & Farnham, 2000), r � .39
(Rudolph et al., 2008, Study 3), and r � .31 (Gregg & Sedikides,
2010). Based on this information, we estimated an effect size of
r � .392 for our study. With such an effect size, a sample size of
n � 39 would achieve statistical power of � � .2, � � .05
(one-tailed). To account for potential data loss (e.g., due to exces-
sive head motion in the scanner), we aimed to recruit a total of 45
participants and ended up recruiting 48.

Prescreening

To ensure that our sample was characterized by a wide range of
self-esteem, we e-mailed those who expressed an interest in our
fMRI study, asking them to complete an online questionnaire
which included the RSES. A total of 167 individuals completed the

questionnaire; 129 of the 167 respondents were eligible for the
fMRI experiment (e.g., female, 18–29 years old, right-handed,
native English speakers, no history of neurological or psychiatric
illness, no metal in the body). The self-esteem scores of these 129
respondents were normally distributed (range � 8–30, M � 19.14,
SD � 4.66). We invited them all for participation in the fMRI
study, except for most of those whose self-esteem scores hovered
around the mean (16–24). Of note, the self-esteem statistics (RSES
score) for our final sample (n � 43) at the prescreening stage were:
range � 8–30, M � 19.88, SD � 5.39.

Stimuli

We employed images of participants’ own faces as experimental
stimuli during the fMRI scanning (Figure 1a). For use in the
self-image presentation inside an fMRI scanner, we took four
photographs of each participant under uniform lighting conditions
during a 15-min session a few weeks prior to scanning with a
Nikon Coolpix s9900 digital camera (1600 � 1200 pixels). Pho-
tographs were front facing passport style, with participants dis-
playing neutral, open-eyed expressions. We also used four scram-
bled images of natural scenes (i.e., not self-images; Figure 1b) as
emotionally neutral control stimuli, so that all participants viewed
the same scrambled images.

We selected scrambled images as control stimuli, because we
considered them emotionally neutral. Given that we aimed to
predict individual differences in self-esteem from neural signals,
an ideal control stimulus would induce the same attitude-related
activations across all participants (e.g., neutral for everyone). It
could be argued that control stimuli like faces of unfamiliar indi-
viduals are more appropriate, as they have been used in prior
research (Kaplan, Aziz-Zadeh, Uddin, & Iacoboni, 2008; Sugiura
et al., 2000). However, this research was concerned with brain
regions specific to self-faces, and thus its objective was fundamen-
tally different from the objective of the present study. Faces of
unfamiliar individuals are not suitable control stimuli in our study:
There are individual differences in face attractiveness judgment
(Honekopp, 2006), and facial attractiveness/trustworthiness affects

1 The literature has pointed to differences in brain anatomy between
right-handers and left-handers (e.g., Toga & Thompson, 2003). Thus,
following a typical procedure of neuroimaging studies, we limited our
sample to right-handed individuals.

Figure 1. Examples of stimuli presented during fMRI scanning. Inside an
fMRI scanner, a participant viewed 4 images of the self (a) or 4 scrambled
images (b) in each block. See the online article for the color version of this
figure.
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neural activity in reward-related brain regions (Mende-Siedlecki,
Said, & Todorov, 2013). Hence, use of unfamiliar individuals’
faces as control stimuli would likely reduce signals in which we
were interested.

Furthermore, it could be argued that, because there are so many
differences between self-face and scrambled images, we cannot
make strong inferences based on contrasts between these condi-
tions. There are two key differences between the present study and
typical neuroimaging research. First, again, the present study does
not aim to identify brain regions specific to self-face processing.
Second, we used a machine learning technique (MVPA; see below
for more detail) to detect activation patterns that are associated
with individual differences in the automatic evaluation of the self
(implicit self-esteem). Machine learning is capable of locating
specific patterns that are associated with a variable of interest from
big (and noisy) data (Alpaydin, 2014). As stated above, neural
signals related to individual differences in the automatic evaluation
of the self should be included in the contrast of the self-face versus
scrambled image conditions (especially in reward-related brain
regions). If so, machine learning (MVPA) should be able to locate
specific information related to it and thus predict implicit self-
esteem.

Procedure

The study consisted of two sessions on two separate days: (a)
photo session, and (b) fMRI session. On the first day, we asked
participants to complete the photo session. After we gave them
general instructions on the project and fMRI safety information,
we took four photographs of each participant. The photo session
occurred an average of 27 days prior to the fMRI experiment. We
concealed the true purpose of the study (i.e., predicting self-esteem
based on brain activities) by mentioning to participants that it was
concerned with neural responses to social versus nonsocial objects.

On the second day, during fMRI scanning, participants viewed
30 blocks. These were (a) self-images blocks, (b) scrambled-image
control blocks, and (c) rest (i.e., a fixation cross) blocks (10 blocks
each). Presentation of each block lasted 12 sec. In each of the
self-image and scrambled-image blocks, we presented 4 different
images for 2 sec each in randomized order per block (interstimulus
interval � 1 sec). Within each block, at random intervals one
image darkened for 300 ms, which participants were instructed to
detect and respond to as quickly as possible with a right index
finger button press. We asked participants to engage in this simple
task inside the scanner to ensure that they were paying attention to
the presented images. Similar low-demanding tasks have been
used in studies that examined neural responses related to automatic
evaluations of various stimuli (Ahn et al., 2014; Cunningham et
al., 2004; Izuma et al., 2017; Smith et al., 2014). We recorded
participants’ responses within a 2-sec window postluminance
change. Given that we were interested in how individual differ-
ences in implicit self-esteem are related to brain activations, we
fixed the order of blocks across all participants. After the fMRI run
(a total of 6 min), each participant underwent a different fMRI run,
which is unrelated to the objective of the current study (and the
relevant data will not be reported here).

Following fMRI scanning, we instructed participants to engage
in behavioral tasks. Participants first completed a self-esteem IAT
(Greenwald & Farnham, 2000). We created the IAT with Psy-

chopy stimulus presentation software (Peirce, 2007). The IAT
comprised the four following categories: (a) Self, (b) Other, (c)
Positive, and (d) Negative. The Self category included I, My, Me,
Mine, and Self, whereas the Other category included they, them,
their, theirs and other. In addition, the Positive category included
10 positive words (e.g., Peace, Joy, Honest), whereas the Negative
category included 10 negative words (e.g., Agony, Stupid, Use-
less).

Following the IAT, we administered the explicit self-esteem
measures of RSES and SSES. Note that the SSES consists of three
subscales: appearance, performance, and social. The subscales
assess aspects of self-esteem that are based on physical appear-
ance, ability, and others’ evaluation, respectively. Finally, partic-
ipants rated the attractiveness of their face (“how attractive do you
think your face is compared with average students on campus”) on
a 7-point scale (1 � Least Attractive, 4 � Average, 7 � Most
Attractive). Upon completion, we paid participants £16 and de-
briefed them.

Behavioral Data Analysis

We calculated a self-esteem IAT score for each participant using
the algorithm developed by Greenwald, Nosek, and Banaji (2003).
We excluded one participant from the analyses of the behavioral
data obtained during the fMRI scanning (reaction time [RT] and
performance in the luminance change detection task) because of
malfunction of the response box. For paired t tests, following
Equation 3 of Dunlap, Cortina, Vaslow, and Burke (1996), we
computed the effect sizes by

d � t�2(1 � r) ⁄ n�
1⁄2

where t is the t statistic, r is the correlation between two measures,
and n is the sample size.

fMRI Data Acquisition

We used an 8 Channel head coil, GE 3T HDx Excite MRI
scanner in the Neuroimaging Centre to acquire whole brain fMRI
data. Participants underwent a 13-second standard localizer scan
and 12-second ASSET calibration for parallel imaging. We also
obtained high-resolution T1-structural scans (TE � 3 min mini-
mum full; TR � 7.8ms; TI � 450ms; 20° flip angle matrix �
256 � 256 � 176; FOV � 290 � 290 � 176; slice thickness �
1.13 � 1.13 � 1 mm voxel size). Functional data collection
consisted of a 6 min scan, gathering 120 volumes using T2�-
sensitive echo-planar imaging (TE � 30ms; TR � 3000ms; 90°
flip angle; matrix � 96 � 96; FOV � 288 mm). We used
horizontal orientation interleaved bottom-up acquisition, with 38
4-mm slices (128 � 128 voxels per slice; 2 mm voxel).

fMRI Data Preprocessing

We analyzed the fMRI data using SPM8 (Wellcome Department
of Imaging Neuroscience) implemented in MATLAB (Math-
Works). Before data processing and statistical analysis, we dis-
carded the first four volumes to allow for T1 equilibration. Fol-
lowing motion correction, we normalized the volumes to MNI
space using a transformation matrix obtained from the normaliza-
tion of the first EPI image of each participant to the EPI template
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(resliced to a voxel size of 3.0 � 3.0 � 3.0 mm). We used these
normalized data for the MVPA data analyses. We spatially
smoothed the normalized fMRI data with an isotropic Gaussian
kernel of 8 mm (full-width at half-maximum). We used the
smoothed fMRI data for MVPA analyses on the basis of research
showing that smoothing can improve decoding performance when
large-scale activation patterns are assumed (Op de Beeck, 2010).

Univariate fMRI Data Analysis

We first ran a conventional general linear model (GLM) anal-
ysis where the signal time course for each participant was modeled
with a GLM (Friston et al., 1995). In the GLM, we modeled
separately (duration � 12 sec) each of the self and scrambled-
image blocks. We generated regressors of interest (condition ef-
fects) using a box-car function convolved with a hemodynamic-
response function. We also included the following regressors that
were of no interest: six head motion parameters (translation: x, y,
and z; rotations: pitch, roll, and yaw) and high-pass filtering (128
s). We created a contrast image for Self-image versus Scrambled-
image for each participant, and used it in subsequent MVPA
analyses (see below).

Furthermore, in the second level analysis, for the Self-image
versus Scrambled-image contrast, we entered implicit (IAT) and
explicit (RSES) self-esteem scores as covariates to test whether
implicit or explicit self-esteem were linearly related to activations
in reward-related brain regions. For the univariate analysis, we
reasoned that the effect size (i.e., correlation between implicit
self-esteem scores and brain activity) should be, if anything, lower
than the effect size based on the MVPA mentioned above, because
of the lower sensitivity of univariate analysis. Accordingly, for the
reward-related regions (see below for more detail on how we
defined a region of interest [ROI]), we used a slightly lenient
statistical threshold of p � .01 voxelwise (uncorrected; note that
p � .01 corresponds to r � .354) and cluster p � .05 (FWE
corrected for multiple comparisons). For the regions outside of the
reward related ROI, we set the statistical threshold at p � .005
voxelwise (uncorrected) and cluster p � .05 (FWE corrected for
multiple comparisons).

Multivoxel Pattern Analyses

To predict self-esteem IAT scores from neural signals, we
employed MVPA (Haynes & Rees, 2006; Norman et al., 2006). In
contrast to the traditional fMRI data analysis approach that only
evaluates univariate change in voxel-wise intensity, the MVPA is
considered and proven to be more sensitive in detecting and
distinguishing cognitive states in the brain (e.g., Izuma et al., 2017;
Jimura & Poldrack, 2012; Sapountzis et al., 2010), because it
allows researchers to extract the signal that is present in the pattern
of brain activations across multiple voxels. For example, with the
conventional univariate analysis, we could identify the relation
between self-esteem and neural activity only if the strength of
activation was positively (or negatively) related to individuals’
self-esteem scores (e.g., the higher the activation in an area, the
higher the self-esteem scores). In contrast, even if there is no
difference in overall activation strength across individuals with
different level of self-esteem, there may be specific differences in
activation patterns across multiple voxels, and, if so, a machine

learning algorithm could identify the patterns that explain (predict)
self-esteem scores.

We used in particular a machine learning algorithm called
support vector regression (SVR; Drucker, Burges, Kaufman,
Smola, & Vapnik, 1997) as implemented in LIBSVM (http://www
.csie.ntu.edu.tw/~cjlin/libsvm/), with a linear kernel and a cost
parameter of c � 1 (default). We also set all other parameters to
their default values. We previously used the SVR and successfully
predicted participants’ attitudes toward familiar celebrities from
brain activations obtained during passive-viewing of these celeb-
rities (Izuma et al., 2017).

We computed prediction performance using the sixfold bal-
anced cross-validation procedure (Cohen et al., 2010; see also
Kohavi, 1995); we first divided participants into 6 groups (7–8
participants in each group), such that these 6 groups had roughly
the same means and variances of self-esteem IAT scores (or RSES
scores when predicting explicit self-esteem). We left out one group
in each cross-validation and conducted the SVR using the data
from participants in all other groups (training data). The SVR uses
the training data to learn a weight value for each voxel in a ROI,
which represents the contribution of a particular voxel to predict-
ing self-esteem scores. Then, these weights are tested on partici-
pants in the left-out group (predicted IAT scores for each partic-
ipant in the left-outgroup is computed based on their neural
signals). We repeated this procedure for each group (a total of 6
times), and computed a Pearson’s correlation coefficient between
actual IAT scores and predicted scores.

We tested whether brain activations in the reward-related re-
gions predicted self-esteem IAT scores. We defined the reward-
related brain areas based on Neurosynth (http://www.neurosynth
.org/; Yarkoni, Poldrack, Nichols, Van Essen, & Wager, 2011).
We used an activation map from the term “Reward” (reverse
inference map only), thresholded at q � .01 False Discovery Rate
(FDR) corrected. This ROI comprises brain regions that are pref-
erentially implicated in neuroimaging studies, which addressed the
neural bases of reward processing2 and included areas involved in
reward processing such as vmPFC, caudate nucleus, and midbrain
(Figure 2a; a total of 2,696 voxels; note that we used the largest
cluster only). We also conducted the same analysis using a ROI
defined by a meta-analysis (Bartra et al., 2013). This meta-analysis
identified a network of brain regions positively associated with
subjective value including bilateral striatum, vmPFC, bilateral
insula, anterior cingulate cortex (ACC), posterior cingulate cortex
(PCC), and midbrain (brainstem). This amount to a total of 3,680
voxels (see Figure 3A in Bartra et al., 2013).

To check the robustness of the results obtained with the reward
ROI (Figure 2a), we also ran MVPA using the following two
ROIs. First, the large reward ROI (Figure 2a) included medial
prefrontal cortex (mPFC) regions, especially its ventral part
(vmPFC). Given that mPFC is known to be involved in self-
processing (Denny, Kober, Wager, & Ochsner, 2012; Northoff et
al., 2006), which might be related to implicit or explicit self-

2 More precisely, in the term (“Reward”) based meta-analysis, Neu-
rosynth employs text-mining techniques to identify neuroimaging studies
that used the term “Reward” at a high frequency, extract activation coor-
dinates reported in all tables, and run meta-analyses (Yarkoni et al., 2011).
Therefore, it is possible that not all studies included in the meta-analysis
addressed the neural bases of reward processing.
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esteem, we excluded these regions from the reward ROI by ap-
plying anatomical masks (in particular, vmPFC, mPFC, and ante-
rior cingulate cortex [ACC]) using a WFU pickatlas toolbox for
SPM (Maldjian, Laurienti, Kraft, & Burdette, 2003). The new ROI
(Figure 3a) consists of a total of 2,179 voxels. Second, to limit our
ROI only to regions that are even more selective to reward, we
thresholded the reverse-inference map obtained from Neurosynth
(Figure 2a) at z-score � 10.3 The higher threshold eliminated not
only regions in the frontal cortex (e.g., vmPFC, ACC) but also
other regions (e.g., putamen, thalamus, amygdala) that are rela-
tively less selective to reward. The new ROI (Figure 3b) consists
only of bilateral ventral striatum (nucleus accumbens) and mid-
brain (a total of 343 voxels), which are known to be the center of
the reward circuit (Haber & Knutson, 2010). It is well established
that midbrain is rich in dopamine neurons, which encode reward-
related information (e.g., reward prediction error; Schultz, 2015).
Similarly, ventral striatum (nucleus accumbens), which is heavily
interconnected with midbrain (Haber & Knutson, 2010), is known
to be highly sensitive (Bartra et al., 2013; Sescousse et al., 2013)
and is selective to reward (Ariely & Berns, 2010).

To examine further whether each anatomical region in the
reward-related brain regions accounts for individual difference in
self-esteem, we selected 13 reward-related anatomical structures
based on the abovementioned reverse inference map from Neu-
rosynth (Figure 2a): (a) vmPFC; (b) left caudate nucleus; (c) right
caudate nucleus; (d) left pallidum; (e) right pallidum; (f) left
putamen; (g) right putamen; (h) ACC; (i) left amygdala; (j) right
amygdala; (k) left thalamus; (l) right thalamus; and (m) midbrain.
Each of the 13 reward-ROIs are known to contain neurons that
encode rewards or values (Komura et al., 2001; Mizuhiki, Rich-
mond, & Shidara, 2012; Nishijo, Ono, & Nishino, 1988; Schultz,
Apicella, & Ljungberg, 1993; for reviews, see: Kolling et al., 2016;
Schultz, 2015) and has been consistently activated in response to
various types of social and nonsocial rewards in human neuroim-
aging studies (Bartra et al., 2013; Izuma, 2015; Sescousse et al.,
2013). We also examined whether self-esteem scores could be
predicted by activation patterns in areas that were not previously
implicated in reward. We selected the nonreward related anatom-
ical ROIs as follows. First, using Neurosynth, we obtained another
activation map from the term “Reward,” but this time the map
included both reverse and forward inference maps, thresholded at
q � .05 FDR corrected. This map (a total of 5,605 voxels) includes
brain regions that were consistently (but not necessarily selec-
tively) activated in previous studies which focused on the neural

bases of reward processing. Second, we selected all anatomical
structures that are not included in this broadly defined reward-
related regions. These nonreward ROIs mainly include areas in
parietal, temporal and occipital cortices (a total of 55 nonreward
ROIs; see Table 3 below for the full list of the 55 ROIs). We
created all of the anatomical ROIs using a WFU pickatlas toolbox
for SPM (Maldjian et al., 2003).

Similarly, for exploratory MVPA analyses, we defined self-
related brain regions using Neurosynth. We used an activation map
from the term “Self” (reverse inference map only), thresholded at
q � .01 FDR corrected. This ROI consists of two clusters (Figure
5a): mPFC (421 voxels) and posterior cingulate cortex (PCC; 186
voxels), both of which are areas previously identified in meta-
analyses of fMRI studies on self-processing (Denny et al., 2012;
Northoff et al., 2006).

We evaluated prediction performance in each ROI with a
permutation test (Shibata, Watanabe, Kawato, & Sasaki, 2016).
We created 5,000 randomly shuffled permutations of self-
esteem scores (both IAT and RSES; note that we shuffled the
scores within each of the 6-fold groups so that the averages
scores in the 6-fold groups were maintained across the permu-
tations) and ran the SVR using the permutated data in each ROI
to obtain a distribution of correlations between predicted and
actual self-esteem under the null hypothesis. Thus, this distri-
bution tells us how unlikely it is to obtain the results we found,
if the self-esteem IAT score reflected noise. After the MVPA
analyses, correlation coefficients between actual self-esteem
scores and predicted scores were Fisher-z transformed before
any further analysis. Notably, as RSES scores were highly
correlated with a total SSES scores as well as each of 3
subscales of SSES (see Table 1), the MVPA with these SSES
scores produced similar results as that with RSES. Accordingly,
for explicit self-esteem, we report only MVPA results with
RSES scores.

Results

Behavioral Results

Self-esteem IAT scores were significantly positive (mean
IAT D score � .69, t(42) � 12.58, p � .001, Cohen’s d � 1.90).

3 We selected z score � 10, because with any z score lower than 10,
there were active voxels in the frontal cortex.

Table 1
Correlations Across Behavioral Measures

Measure IAT RSES SSES-all SSES-app SSES- per SSES-soc self-face attr

IAT 1
RSES �.07 1
SSES-all �.07 .81��� 1
SSES-appearance �.01 .69��� .9��� 1
SSES-performance �.11 .66��� .86��� .66��� 1
SSES-social �.08 .80��� .92��� .78��� .67��� 1
Self-face attractiveness �.23 .49��� .72��� .71��� .70��� .55��� 1

Note. IAT � Implicit Association Test; RSES � Rosenberg Self-Esteem scale; SSES � State Self-Esteem
scale. Note that the SSES has three subscales (appearance, performance, and social; see Method).
��� p � .001.
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Also, the self-esteem IAT was uncorrelated with the RSES
(r � �.07, p � .63; a 95% confidence interval of the correlation
was �.36 to .24). This correlation is slightly lower, but com-
patible with prior findings (Hofmann, Gawronski, Gschwend-
ner, Le, & Schmitt, 2005). The RSES was significantly corre-
lated with each subscale of the SSES (see Table 1 for all
correlational results). Of note, the self-esteem IAT was related
neither to self-face attractiveness ratings, r � �.23, p � .14,
nor the appearance subscale of SSES, r � �.01, p � .94,
whereas these two measures were significantly correlated with
the RSES (rs � .49, ps � .001; Table 1). Thus, any of the fMRI
results reported below are unlikely to be explained by partici-
pants’ perceived self-face attractiveness.

Inside the scanner, we instructed participants to press a
button when luminance of an image changed. The average
performance of this detection task was 96.6% for the self-image
blocks and 93.8% for the scrambled-image blocks, and they
were not significantly different from each other, t(41) � 1.86,
p � .07, d � .33. Average RTs were faster in the self-image
block (431 ms) compared with the scrambled image blocks (453
ms), t(41) � 2.02, p � .05, d � .19, suggesting that partici-
pants’ own self-faces were more attention grabbing. Impor-
tantly, however, neither the self-esteem IAT, r � �.19, p � .22
nor the RSES, r � �.10, p � .52 was related to RTs in the
self-image blocks.

fMRI Results (MVPA)

We first defined the reward-related brain regions using Neu-
rosynth (Yarkoni et al., 2011; Figure 2a). These are the regions that

are most preferentially related to reward (e.g., reverse inference
map). Consistent with our hypothesis, activation patterns in the
large reward-related ROI were robustly associated with the self-
esteem IAT (correlation between predicted vs. actual scores, r �
.49, p value based on permutation test [pperm] � .003; Figure 2b
and 2c), thus providing unique evidence for the validity of the
self-esteem IAT.4 Furthermore, we ran the same MVPA using the
data in the regions related to reward and valuation based on
the prior meta-analysis (Bartra et al., 2013) and obtained a similar
result, r � .43, pperm � .014.

Although we selected the above two ROIs based on Neu-
rosynth term-based meta-analysis (Figure 2a) and a meta-
analysis of fMRI studies (Bartra et al., 2013), these regions are
not perfectly selective to reward. Thus, it is possible that neural
signals in these ROIs and implicit self-esteem were related not
because these regions are involved in automatic evaluation of
the self, but because of other reasons like self-processing. To
examine this possibility, we ran the same MVPA with another
ROI (Figure 3a) that does not include regions in the frontal
cortex such as mPFC and vmPFC, both of which are implicated
in self-processing (Denny et al., 2012; Northoff et al., 2006).

4 To ascertain that the above result (see Figure 2) is not contingent on the
way we divided participants into 6 groups in the sixfold cross-validation
(i.e., 6 groups with roughly the same means and variances), we randomly
allocated participants to 6 groups to run the cross-validation and repeated
this step 5,000 times. The average correlation between predicted and actual
self-esteem IAT scores was r � .40. Next, we ran a permutation test where
we used 5,000 randomly shuffled permutations of self-esteem IAT for
decoding (the scores were shuffled across all participants in every itera-
tion). Based on the permutation test, the average correlation of r � .40
corresponds to pperm � .014.

Figure 2. (a). A large reward-related ROI defined using Neurosynth (a
total of 2,696 voxels). Left: coronal view (y � 0). Middle: sagittal view
(x � 6). Right: Axial view (z � 0). (b). A correlation between participants’
self-esteem IAT scores and predicted scores based on neural signals in the
ROI. (c). A histogram showing the distributions of correlation coefficients
between actual and predicted IAT scores with randomly permutated data
(5,000 times). The correlation with actual data was significant at pperm �
.003. See the online article for the color version of this figure.

Figure 3. Two Additional Reward ROIs. (a) Anatomical structures in the
frontal cortex (i.e., mPFC, vmPFC, ACC) were removed from the large
reward ROI (Figure 2a). There are a total of 2,179 voxels. Left: coronal
view (y � 0). Middle: sagittal view (x � 6). Right: Axial view (z � 0). (b)
Regions highly selective to reward obtained from Neurosynth (a term-
based meta-analysis with the term “Reward” and thresholded at z-score �
10). The ROI consists of bilateral ventral striatum (nucleus accumbens) and
midbrain (a total of 343 voxels). Left: coronal view (y � 10). Middle:
sagittal view (x � 6). Right: Axial view (z � �14). See the online article
for the color version of this figure.
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Neural signals in the ROI predicted implicit self-esteem (r �
.38, pperm � .026). We also run the MVPA using only regions
that are highly selective to reward (Figure 3b). Even with this
conservative test (we likely discarded at least some reward-
related signals by limiting our analyses to the small region),
neural signals in these regions predicted implicit self-esteem
(r � .36, pperm � .036).

We further tested whether the self-esteem IAT could be pre-
dicted by neural signals in each of different anatomical areas,
which have been implicated in reward processing. We ran the
MVPA with the self-esteem IAT scores within each of the 13
reward ROIs. Self-esteem IAT scores were significantly predicted
by neural signals in 3 out of the 13 ROIs (vmPFC, left pallidum,
and midbrain; Table 2). Furthermore, although prediction perfor-
mances did not reach the significance in the other 10 ROIs, on
average, the self-esteem IAT was significantly associated with
activation patterns in the 13 reward ROIs (average r � .24, t(12) �
5.42, pperm � .008; Figure 4). In contrast, neural signals in the 55
nonreward ROIs (see Table 3) were, on average, unrelated to the
self-esteem IAT (t(54) � 2.22, pperm � .23; Figure 4). The
difference between the two groups of ROIs was significant
(t(66) � 3.00, pperm � .046). These results indicate that self-
esteem IAT scores are related to neural signals in the reward
related brain regions, but not to neural signals in the nonreward
related brain regions, thus further providing evidence for the
validity of implicit self-esteem IAT.

Similarity in Neural Representations Between Implicit
and Explicit Self-Esteem

We repeated the same MVPA analyses using the explicit self-
esteem (RSES) scores instead of the self-esteem IAT. The large
reward-related ROI (Figure 2a) was not predictive of the RSES
(r � �0.08, pperm � .67). Prediction performances (correlations)
using neural signals from the two additional reward ROIs (see
Figure 3) were not significant either (rs � �.03, pperm � .50).
Furthermore, when we applied the MVPA in each anatomical
region among 13 reward-ROIs, the average prediction perfor-
mance was not significantly different from zero, t(12) � 1.05,
pperm � .61, and from the average performance of the 55 nonre-
ward ROIs, t(66) � 2.14, pperm � 0.23 (Tables 2 and 3), although
prediction performances were significant in 3 of 13 reward-ROIs
(i.e., vmPFC, right pallidum, left putamen; Table 2). Thus, explicit
self-esteem was not robustly associated with neural signals in the
reward related areas.

Furthermore, although both the self-esteem IAT and RSES
were associated with at least some of the reward ROIs at
uncorrected pperm � .05 level (Tables 2 and 3), among the 13
reward ROIs, the prediction performances were uncorrelated
between the self-esteem IAT and RSES (r � �.37, pperm �
.24). They were also uncorrelated across all 68 ROIs (r � �.06,
pperm � .91). Moreover, the results showed that neural signals
only in the vmPFC were commonly associated with both the
self-esteem IAT and RSES (see Table 2), indicating that neural
signals in the vmPFC are linked with individual differences in
both implicit and explicit self-esteem. However, when we com-
puted a correlation between weight values of the self-esteem
IAT and RSES, they were uncorrelated (r � .11, pperm � .21),
suggesting that the contribution of each voxel within the
vmPFC to the prediction of the self-esteem IAT versus RSES
differed.

Exploratory MVPA Results

Having provided the evidence supporting the validity of
self-esteem IAT, we examined whether the self-esteem IAT
(and also the RSES) is related to neural signals in other re-
gions.5 Particularly, given that self-esteem refers to how indi-
viduals view themselves, neural signals in regions involved in
self-reference processing, namely mPFC and PCC (Denny et
al., 2012; Northoff et al., 2006), may be related to the self-

5 The results reported in Table 3 address this question, at least partially.
However, the table does not include all brain regions. More specifically,
the following five regions do not feature in the table (a) mPFC, (b) middle
cingulate cortex (MCC), (c) posterior cingulate cortex (PCC), (d) left
insula, and (e) right insula. These regions are included in the forward-
inference map obtained from Neurosynth, but not in the reverse-inference
map (see Method). In other words, the five regions are consistently acti-
vated by reward, but activation in each region is not selective to reward
(thus not informative to our main research question). For the sake of
completeness, we ran MVPA using neural signals in each region. Neural
signals in the mPFC (Frontal_Sup_Medial_R and Frontal_Sup_Medial_L
masks from the WFU pickatlas toolbox; a total of 1,548 voxels) and left
insula (507 voxels) significantly predicted the self-esteem IAT (mPFC, r �
.46, pperm � .008; left insula, r � .39, pperm � .022 [uncorrected for
multiple comparisons]). The remaining three regions did not predict the
self-esteem IAT (.00 � rs � .23, pperm � .15). None of the five regions
significantly predicted the RSES (�.22 � rs � .08, pperm � .35).

Figure 4. Average prediction performance (correlation between actual
and predicted implicit self-esteem) in each of two groups of ROIs: (1) the
13 reward ROIs (left), and (2) 55 nonreward ROIs (right). See also Tables
2 and 3. Note that the figure is based on original correlation values,
although we conducted statistical tests on Fisher-z transformed values. See
the online article for the color version of this figure.
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esteem IAT and/or the RSES. To test this possibility, we first
ran MVPA using all voxels within the self-related ROIs (a total
of 607 voxels; Figure 5a). Interestingly, we found that neural
signals in the self-related brain regions significantly predicted
both the self-esteem IAT (r � .50, pperm � .005; Figure 5b)
and the RSES (r � .39, pperm � .023; Figure 5c). We also
examined whether neural signals in each of the mPFC and PCC
ROIs predicted implicit and explicit self-esteem. Indeed, the
self-esteem IAT was significantly predicted by neural signals in
the mPFC (r � .49, pperm � .009), and the PCC showed a
similar trend (r � .31, pperm � .065). In contrast, explicit
self-esteem was not predicted by neural signals in either mPFC
(r � .18, pperm � .18) or PCC (r � �.12, pperm � .67).
Furthermore, although neural signals in the self-related ROI
(607 voxels; Figure 5a) predicted both the self-esteem IAT and
RSES, weight values of the self-esteem IAT and RSES were
uncorrelated with each other, indicating that they are repre-
sented differently in these regions (r � �.06, pperm � .67).6

Another possibility is that implicit (and explicit) self-esteem
may modulate how individuals view their faces, and thus may
be related to neural signals in regions involved in face process-
ing such as fusiform gyrus. Consistent with this possibility, an
fMRI study has demonstrated that fusiform activation for White
faces relative to Black faces was significantly correlated with
implicit prejudice (i.e., race IAT scores; Cunningham et al.,
2004). Further, more recent MVPA studies indicate that neural
signals in fusiform face area (FFA) in response to faces are
modulated depending on implicit attitudes (Brosch, Bar-David,
& Phelps, 2013) or stereotypes (Stolier & Freeman, 2016).
However, our results showed that activations in both left and
right fusiform gyrus were unassociated with the self-esteem
IAT (left r � .21, pperm � .17; right r � .26, pperm � .12;
Table 3), although both correlations were in a positive direc-

tion. The RSES was also unassociated with activations in fusi-
form gyrus (left r � �.46, pperm � .99; right r � �.09,
pperm � .65).7

fMRI Results (Univariate Analysis)

We further tested whether the self-esteem IAT and RSES were
linearly related to the level of univariate activity in reward-related
brain regions. In the reward ROI (Figure 2a), no region was
significantly related, either positively or negatively, to either the
self-esteem IAT or RSES. Similarly, there was no significant
region outside of the ROI for either the self-esteem IAT or RSES.
The results suggest that the level of univariate activity in response
to self-face is unrelated to implicit and explicit self-esteem.

Discussion

We aimed to provide unique evidence for the validity of an
implicit self-esteem measure using neuroimaging combined with a
machine learning technique, MVPA. Our findings indicate that
implicit self-esteem, as measured by the IAT, is associated with
neural activation patterns automatically evoked by passive viewing
of self-face in the reward-related regions (Figures 2a, 3a, and 3b)
as well as in 13 reward-related anatomical ROIs (Table 2 and
Figure 4), but not in nonreward related areas (Table 3 and Figure
4). Thus, although in prior research (Falk & Heine, 2015) implicit
self-esteem measures were found to be unrelated to personality or
attitude measures (i.e., had low convergent and predictive valid-
ity), in our study self-esteem IAT scores were robustly associated
with (i.e., predictive of) neural signals in a way that is consistent
with the conceptualization of implicit self-esteem as an automatic
attitude toward the self (Greenwald & Banaji, 1995; Sedikides &
Gregg, 2003). The literature has indicated that attractive faces
activate reward-related brain areas (Cloutier, Heatherton, Whalen,
& Kelley, 2008; O’Doherty et al., 2003), and that face attractive-
ness can be decoded from neural signals in vmPFC (Pegors, Kable,
Chatterjee, & Epstein, 2015). However, given that IAT scores
were unrelated to both perceived self-face attractiveness and the
SSES subscale of appearance (while both being significantly re-
lated to explicit self-esteem scores, i.e., RSES), our results are
unlikely to be mediated by individual difference in perceived
self-face attractiveness.

6 We further tested whether we could better predict implicit self-esteem
by aggregating neural signals from both the reward- and self-related ROIs
(Figures 2a and 5a). We combined the two ROIs (a total of 3,189 voxels)
and ran MVPA. The result showed that the correlation between actual and
predicted self-esteem IAT scores was r � .50 (pperm � .005), which is
compatible to what we found using the large reward ROI only (r � .49;
Figure 2). Thus, combining the two ROIs (reward and self ROIs) did not
increase the prediction performance. However, it should be noted that the
size of correlation we found in our main analysis (r � .49) seems to be
already at its ceiling; that is, based on the power analysis we reported
above, we estimated the effect size to be r � .392. Hence, it is theoretically
difficult to demonstrate the additive nature of signals from the two ROIs in
predicting implicit self-esteem.

7 We also defined face selective regions in ventral occipito-temporal
cortex in two ways: using (a) the self-face versus scrambled-image con-
trast, and (b) Neurosynth term-based meta-analysis with the term “face.”
We ran MVPA employing neural signals in each of the two ROIs, but did
not obtain significant result for either the self-esteem IAT or RSES.

Figure 5. (a) Self-related ROI defined by Neurosynth (x � �5). The
self-ROI consists of mPFC and PCC (a total of 607 voxels). (b) A
correlation between participants’ self-esteem IAT scores and predicted IAT
scores based on neural signals in the ROI. (c) A correlation between
participants’ RSES scores and predicted RSES scores based on neural
signals in the ROI. See the online article for the color version of this figure.
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Our study provides important and independent evidence sup-
porting the validity of the self-esteem IAT, and offers a unique
insight into the debate on the validity of implicit self-esteem
measures. For example, although prior results suggest that implicit
self-esteem measures lack convergent validity (Bosson et al.,
2000; Falk et al., 2015; Rudolph et al., 2008), the present findings
demonstrate that the low convergent validity is likely due to low
validity of other implicit measures, but not the IAT. One task of
future research would be to examine the validity of other implicit
self-esteem measures (e.g., name-letter task; Nuttin, 1985) using
the neuroimaging approach.

Similarly, as stated earlier, the low predictive validity of
implicit self-esteem measures may be due to biases in selecting
criterion variables, which is likely attributable to lack of clear
understanding of what implicit self-esteem is. Nonetheless,
some research (Cvencek, Greenwald, & Meltzoff, 2016; Green-
wald et al., 2002) has shown that implicit self-esteem, gender
identity, and gender attitude (all measured by IAT) are related
to each other in a manner consistent with balanced identity
theory (Greenwald et al., 2002), illustrating that the self-esteem
IAT can predict other implicit attitudes that are selected on the
basis of firm theoretical background. Interestingly, our fMRI
results indicated that neural signals in the regions involved in
self-processing (Figure 5a) were associated with both implicit
and explicit self-esteem, thus suggesting that both implicit and
explicit self-esteem may be related to the proclivity for auto-
matic engagement in self-reference (Gregg, Mahadevan, &
Sedikides, 2017; Rogers, Kuiper, & Kirker, 1977). Yet, we
noted that, just like any other brain regions, the mPFC and PCC
are not perfectly selective to self-processing, and our findings
may be accounted for, at least partially, by other processes. For
example, as discussed above, the mPFC is implicated in reward-
processing (Kable & Glimcher, 2007; Knutson, Fong, Bennett,

Adams, & Hommer, 2003). Similarly, the PCC is implicated in
episodic memory (Hassabis, Kumaran, & Maguire, 2007). Thus,
future behavioral studies should test this unique hypothesis
(i.e., the link between implicit self-esteem and self-reference
processing) to provide further insight into what the self-esteem
IAT is measuring.

We found not only that implicit and explicit self-esteem were
linked to neural signals in self-related regions (see Figure 5), but
also that they were linked so in different ways. Implicit self-esteem
was represented in each of the two self-related ROIs independently
(although evidence for the PCC was weak [i.e., pperm � .065]),
whereas explicit self-esteem was collectively represented in the
mPFC and PCC ROIs (i.e., alone the ROIs could not predict
explicit self-esteem). The result may suggest that two distinct
processes interact with each other and determine explicit evalua-
tion of the self (explicit self-esteem). A fitting analogy may be the
Associative–Propositional Evaluation (APE) model of attitudes
(Gawronski & Bodenhausen, 2006), which postulates that implicit
and explicit evaluations are the outcomes of two distinct processes:
associative and propositional. The APE model states that, although
implicit evaluations depend on associative processes (i.e., auto-
matically activated associations), explicit evaluations depend on
activated associations (associative processes) and their validation
according to cognitive consistency principles (propositional pro-
cesses). It is, of course, rather simplistic to regard the associative
and propositional processes of the APE model as mapping directly
onto the mPFC and PCC, respectively. Yet, it is possible that
explicit self-esteem is determined by a similar interaction process
between two (unspecified) distinct processes.

Our study also provides evidence, albeit indirect, for the diver-
gent validity of implicit and explicit self-esteem. Explicit self-
esteem was not associated with neural signals in the large-reward
related ROI (Figure 2a). Furthermore, neural representations of

Table 2
Prediction Performance of Implicit Self-Esteem (IAT Scores) and Explicit Self-Esteem (RSES) in
13 Reward Related ROIs

ROI name
Name of mask in the WFU Pickatlas

toolbox
Number of

voxels

Prediction
performance (r)

IAT RSES

1. vmPFC Frontal_Mid_Orb_R & Frontal_Mid_Orb_L 402 .40� .35�

2. L Caudate nucleus Caudate_L 277 .16 �.26
3. R Caudate nucleus Caudate_R 287 �.03 .13
4. L. Pallidum Pallidum_L 82 .31� .05
5. R Pallidum Pallidum_R 79 .16 .27�

6. L Putamen Putamen_L 316 .25 .39�

7. R Putamen Putamen_R 319 .18 .28
8. ACC Cingulum_Ant_L & Cingulum_Ant_R 1220 .34 �.10
9. L Amygdala Amygdala_L 58 .29 �.03

10. R Amygdala Amygdala_R 69 .08 .12
11. L Thalamus Thalamus_L 315 .32 �.06
12. R Thalamus Thalamus_R 299 .14 .05
13. Midbrain Midbrain 680 .57�� �.34

Note. mPFC � medial prefrontal cortex; vmPFC � ventromedial prefrontal cortex; ACC � anterior cingulate
cortex. R � Right, L � Left. All masks except for the Midbrain were taken from the Anatomical Automatic
Labeling (AAL) masks implemented in the WFU pickatlas toolbox. The Midbrain image was taken from the TD
lobe map of the toolbox. For each of the two midline structures, vmPFC and ACC, mask images in both
hemispheres are combined to create a single mask image. Voxel size � 3 � 3 � 3 mm.
� p � .05. �� p � .01 (based on permutation test [5,000 times], uncorrected for multiple comparisons).

T
hi

s
do

cu
m

en
t

is
co

py
ri

gh
te

d
by

th
e

A
m

er
ic

an
Ps

yc
ho

lo
gi

ca
l

A
ss

oc
ia

tio
n

or
on

e
of

its
al

lie
d

pu
bl

is
he

rs
.

T
hi

s
ar

tic
le

is
in

te
nd

ed
so

le
ly

fo
r

th
e

pe
rs

on
al

us
e

of
th

e
in

di
vi

du
al

us
er

an
d

is
no

t
to

be
di

ss
em

in
at

ed
br

oa
dl

y.

352 IZUMA, KENNEDY, FITZJOHN, SEDIKIDES, AND SHIBATA



Table 3
Prediction Performance of Implicit Self-Esteem (IAT Scores) and Explicit Self-Esteem (RSES) in
55 Non-Reward Related ROIs

ROI name Name of mask in the WFU pickatlas toolbox
Number of

voxels

Prediction
performance (r)

IAT RSES

Frontal lobe Frontal_Inf_Oper_L 289 .24 .09
Frontal_Inf_Oper_R 391 �.06 �.25
Frontal_Inf_Orb_L 290 .07 �.34
Frontal_Inf_Orb_R 287 .36� �.19
Frontal_Inf_Tri_L 622 .45� .11
Frontal_Inf_Tri_R 454 .37� �.29
Frontal_Mid_L 1227 .07 .19
Frontal_Mid_R 1414 .21 �.12
Frontal_Sup_L 690 .58��� �.27
Frontal_Sup_R 873 .45� .05
Precentral_L 890 �.02 .05
Precentral_R 847 �.13 �.27
Supp_Motor_Area_R & Supp_Motor_Area_L 1223 �.16 �.07

Parietal lobe Angular_L 339 �.22 .07
Angular_R 452 .11 .05
Parietal_Inf_L 687 �.18 .18
Parietal_Inf_R 418 .18 �.07
Parietal_Sup_L 566 �.34 �.33
Parietal_Sup_R 565 .24 .25
Postcentral_L 1017 �.23 �.01
Postcentral_R 967 .03 .45��

SupraMarginal_L 329 �.13 .15
SupraMarginal_R 520 �.07 �.22
Paracentral_Lobule_R & Paracentral_Lobule_L 678 .00 �.02
Precuneus_R & Precuneus_L 2721 .29 �.16
Rolandic_Oper_L 272 .12 �.23
Rolandic_Oper_R 373 .28 �.44

Temporal lobe Fusiform_L 334 .21 �.46
Fusiform_R 456 .26 �.09
Heschl_L 75 .17 .18
Heschl_R 70 �.22 �.07
Temporal_Inf_L 249 �.02 �.23
Temporal_Inf_R 330 .11 �.17
Temporal_Mid_L 934 .34 .16
Temporal_Mid_R 833 .29 �.02
Temporal_Pole_Sup_L 212 .07 .24
Temporal_Pole_Sup_R 228 .06 �.31
Temporal_Sup_L 579 �.03 .17
Temporal_Sup_R 802 .09 .04

Occipital lobe Calcarine_L 593 �.16 �.09
Calcarine_R 526 .08 �.07
Cuneus_L 418 .07 �.30
Cuneus_R 431 �.15 �.15
Lingual_L 620 �.25 �.16
Lingual_R 620 �.13 �.39
Occipital_Inf_L 221 �.09 �.30
Occipital_Inf_R 223 �.17 .18
Occipital_Mid_L 892 .03 �.31
Occipital_Mid_R 500 .12 �.10
Occipital_Sup_L 366 �.22 �.02
Occipital_Sup_R 356 �.12 .07

Subcortical structure Hippocampus_L 263 .22 �.25
Hippocampus_R 287 �.05 .15
ParaHippocampal_L 70 .22 �.42
ParaHippocampal_R 230 .08 .20

Note. All masks were taken from the Anatomical Automatic Labeling (AAL) masks implemented in the WFU
pickatlas toolbox. For each of the midline regions (Supp_Motor_Area, Paracentral_Lobule and Precuneus), mask
images in both hemispheres are combined to create a single mask image. Voxel size � 3 � 3 � 3 mm. Note
that Frontal_Sup_L and also survived false discovery rate correction for multiple comparisons (FDR q � .05)
for the IAT score, whereas no region survived the FDR corrected threshold for the RSES.
� p � .05. �� p � .01. ��� p � .001 (based on permutation test [5,000 times], uncorrected for multiple
comparisons).

T
hi

s
do

cu
m

en
t

is
co

py
ri

gh
te

d
by

th
e

A
m

er
ic

an
Ps

yc
ho

lo
gi

ca
l

A
ss

oc
ia

tio
n

or
on

e
of

its
al

lie
d

pu
bl

is
he

rs
.

T
hi

s
ar

tic
le

is
in

te
nd

ed
so

le
ly

fo
r

th
e

pe
rs

on
al

us
e

of
th

e
in

di
vi

du
al

us
er

an
d

is
no

t
to

be
di

ss
em

in
at

ed
br

oa
dl

y.

353NEURAL VALIDITY OF IMPLICIT SELF-ESTEEM



implicit and explicit self-esteem are largely distinct on a local level
(i.e., within the vmPFC ROI, within the self-related ROI [Figure
5a], and across 13 reward-ROIs) as well as on a global level (i.e.,
across all 68 ROIs; Tables 2 and 3), supporting the idea that
implicit and explicit self-esteem are distinct constructs (Greenwald
& Farnham, 2000; Jordan, Logel, Spencer, Zanna, & Whitfield,
2009). This finding, though, should be interpreted with caution.
The less clear relation between neural signals in the reward related
areas and explicit self-esteem is probably attributable to the use of
automatic brain activations in response to self-face for prediction
(i.e., passive-viewing), a practice less likely to be linked with
conscious and reflective self-evaluation (explicit self-esteem).
Given previous studies demonstrating a link between explicit
self-esteem and neural activities in reward-related brain regions
(Chavez & Heatherton, 2015; Frewen et al., 2013; Oikawa et al.,
2012), it is plausible that these regions play a key role in explicit
self-esteem as well as implicit self-esteem. Thus, future research
would do well to test whether neural signals in the reward-related
regions, while participants are engaging in explicit evaluations of
self (e.g., self-reference task), can predict individual differences in
explicit self-esteem and differences/similarities in how implicit
and explicit self-esteem are represented in these regions.

We based the study’s design on findings that activity in the
reward related brain regions as a response to an object reflects
participants’ preference for that object (Izuma et al., 2017;
Lebreton et al., 2009; Levy et al., 2011; Smith et al., 2014;
Tusche et al., 2010). One might argue, however, that evidence
could have been stronger, if we demonstrated that a decoder of
preference for nonsocial reward objects (e.g., food) could pre-
dict implicit self-esteem (i.e., a more direct link between activ-
ity in the reward related areas and neural signals as a response
to self-face). Here, we would first train the prediction model on
responses to a food, then apply this model to neural responses
to one’s own face, and finally test if it can predict self-esteem
IAT scores. Although such a demonstration would have been
ideal, this proposal would rely on the assumption that prefer-
ences for nonsocial objects and attitudes toward the self are
represented in a similar manner in the brain. Such an assump-
tion is empirically unsupported. Previous neurophysiological
studies with monkeys and rats established that largely distinct
populations of striatal neurons encode reward values of differ-
ent types of reward (e.g., juice vs. drug rewards; Bowman,
Aigner, & Richmond, 1996; Carelli, Ijames, & Crumling, 2000;
Carelli & Wondolowski, 2003; Robinson & Carelli, 2008). A
recent MVPA study also indicated that, although there may
exist a population of neurons that encode both social and
nonsocial rewards, these two types of rewards are processed in
largely distinct neural circuits (Wake & Izuma, 2017).

We recruited only young female individuals in Western cul-
ture. It is interesting and important to test whether the findings
can be replicated in males or individuals from different cultures.
In addition to testing the validity of the self-esteem IAT, our
study also afforded a novel insight into what implicit self-
esteem (as measured by the IAT) is by demonstrating an asso-
ciation between neural signals in self-processing regions (i.e.,
mPFC and PCC) and implicit (and explicit) self-esteem. Prior
research (Kitayama & Uchida, 2003; Yamaguchi et al., 2007)
showed that, whereas people in Western countries tend to have
higher explicit self-esteem than those in East-Asian countries,

both cultures manifest the same level of implicit self-esteem
(for a review, see: Sedikides, Gaertner, & Cai, 2015). Future
empirical efforts could be directed toward addressing similari-
ties/differences between Western and Eastern cultures in terms
of neural representations of implicit and explicit self-esteem.

In conclusion, our study highlights the utility of neuroimaging
methods combined with the MVPA to test a psychological hypoth-
esis. MVPA is more suitable for identifying complex neural rep-
resentations of higher cognitive processes such as self-esteem than
conventional fMRI data analysis. Although the present study fo-
cused on testing the validity of the self-esteem IAT, the same
approach can be applied to any explicit or implicit measure, as
long as there is a sensible hypothesis about brain regions involved
in a measured psychological construct (e.g., self-esteem [attitude
toward the self] � reward-related brain regions). Thus, a machine
learning (MVPA) approach could provide not only unique insight
into the validity of psychological measures, but also advance
psychological theories in a way that goes above and beyond
existing behavioral measures.
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