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Abstract

Exposure to food cues activates the brain’s reward system and undermines efforts to regulate impulses to eat. During explicit
regulation, lateral prefrontal cortex activates and modulates the activity in reward regions and decreases food cravings.
However, the extent to which between-person differences in the recruitment of regions associated with reward processing,
subjective valuation and regulation during food cue exposure—absent instructions to regulate—predict body composition
and daily eating behaviors is unclear. In this preregistered study, we pooled data from five functional magnetic resonance
imaging (fMRI) samples (N=262) to examine whether regions associated with reward, valuation and regulation, as well as
whole-brain pattern expression indexing these processes, were recruited during food cue exposure and associated with body
composition and real-world eating behavior. Regression models for a single a priori analytic path indicated that univariate
and multivariate measures of reward and valuation were associated with individual differences in body mass index and the
enactment of daily food cravings. Specification curve analyses further revealed reliable associations between univariate and
multivariate neural indicators of reactivity, regulation and valuation and all outcomes. These findings highlight the utility of
these methods to elucidate brain–behavior associations and suggest that multiple processes are implicated in proximal and
distal markers of eating behavior.
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Although health and well-being have improved for many over
the last few centuries, preventable chronic illnesses remain
a significant risk factor—even in developed countries. Greater
insight is therefore needed into particular behavioral patterns,
including over-eating, that modulate the risk of developing vari-
ous conditions, including cardiovascular disease, type 2 diabetes

and some forms of cancer. Translational neuroscience takes a
comprehensive, multi-level approach to identify the relevant
psychological processes and their neural correlates in order to
effectively intervene on specific behaviors (Fisher and Berkman,
2015) and is a useful framework for addressing this issue. Specif-
ically, it can be used to test competing theories about the brain

Received: 6 March 2020; Revised: 18 September 2020; Accepted: 20 November 2020

© The Author(s) 2020. Published by Oxford University Press.
This is an Open Access article distributed under the terms of the Creative Commons Attribution Non-Commercial License
(http://creativecommons.org/licenses/by-nc/4.0/), which permits non-commercial re-use, distribution, and reproduction in any medium, provided
the original work is properly cited. For commercial re-use, please contact journals.permissions@oup.com

1

D
ow

nloaded from
 https://academ

ic.oup.com
/scan/advance-article/doi/10.1093/scan/nsaa155/5995666 by U

niversity of Pennsylvania Library user on 23 August 2022

https://academic.oup.com/
mailto:rlopez@bard.edu
http://creativecommons.org/licenses/by-nc/4.0/


2 | Social Cognitive and Affective Neuroscience, 2020, Vol. 00, No. 00

as a predictor, moderator or mediator of health risk behaviors,
including unregulated eating (Hall et al., 2018).

Foundational work in behavioral and cognitive neuroscience
with animal and human models has demonstrated that expo-
sure to appetitive cues reliably activates the brain’s reward
system (Tang et al., 2012), promotes hedonically motivated eat-
ing via the mesolimbic dopamine pathway (Wang et al., 2002;
Berridge, 2009) and can thwart people’s efforts to curb impulses
to eat (e.g. Wagner et al., 2013). Food cue reactivity and craving
are also reliably associated with increased eating and weight
gain (Boswell and Kober, 2016). However, regulatory strate-
gies, such as cognitive reappraisal, can dampen the strength
of food cravings and modulate the activity in reward regions
(Kober et al., 2010; Giuliani et al., 2014). Reappraisal reliably
recruits the regions in dorsal and ventral lateral prefrontal cor-
tex (d/vlPFC; Han et al., 2018), and activity in these regions
is associated with successful self-control during food choice
(Hare et al., 2009).

Building on this work to increase the predictive and eco-
logical validity of brain-based measures of self-regulation of
food cravings, some studies have adopted a ‘brain-as-predictor’
approach (Berkman and Falk, 2013) by characterizing brain–
behavior relationships in the appetitive domain. For example,
reward-related activity in the ventral striatum during incidental
food cue exposure is prospectively predictive ofmomentary self-
control failures, as captured by ecological momentary assess-
ment (Lopez et al., 2014 2017), as well as long-term weight gain
over a 6-month period (Demos et al., 2012). Activity in vlPFC/IFG
(Lopez et al., 2014; Krönke et al., 2018) and the frontoparietal con-
trol network more broadly (Lopez et al., 2017) also promotes the
successful resistance of daily self-control challenges. Notably,
patterns of brain activity predictive of real-world self-control
outcomes often account for variance above and beyond the
self-reported measures (Berkman et al., 2011; Lopez et al., 2014;
Krönke et al., 2018). However, the predictive utility of neural indi-
cators might be increased if they are assessed in more ecologi-
cally valid contexts. Whereas most research to date has utilized
controlled tasks to assess the neural activation during self-
control, recent research has administered tasks and stimuli with
fewer constraints and little to no instructions, enabling naturally
occurring psychological processes to be captured (e.g. Reggente
et al., 2018; Vanderwal et al., 2019). Indeed, this approach has
been applied by measuring the brain activation associated with
food cue reactivity and self-regulation in response to naturalis-
tic food cues (i.e. food commercials; Rapuano et al., 2017; Lopez
et al., 2019a) and during food choice (Cosme et al., 2020).

In the present study, we took a relatively unconstrained
approach to better characterize the neural correlates of self-
regulation of eating behaviors, as they might naturally and
spontaneously occur. We were particularly interested in exam-
ining the engagement of multiple cognitive processes when
participants were exposed to high-calorie, appetizing food items
during an functional magnetic resonance imaging (fMRI) scan-
ning session in which we measured the blood-oxygen-level-
dependent signal. We adopted a framework recently proposed
by Giuliani et al. (2018) that posits three overarching processes
at play during food cue exposure that guide subsequent eating
behavior: reactivity, regulation and subjective valuation, with
specific neural systems supporting each process (Giuliani et al.,
2018). We sought to determine the extent to which between-
person differences in the recruitment of regions associated with
reward processing, subjective valuation and regulation dur-
ing food cue exposure—absent instructions to regulate—predict
body composition and daily eating behaviors. To do so, we uti-
lized existing data from several neuroimaging studies (Lopez

et al., 2014, 2017, 2019b) in which healthy, college-aged adults
completed a validated food cue reactivity task consisting of
appetizing, high-calorie food images (Demos et al., 2012; Wag-
ner et al., 2013; Lopez et al., 2014) in the magnetic resonance
imaging (MRI) scanner. We also assessed body composition
at the time of scanning. Following the scanning session, a
subset of participants reported various aspects of their real-
world eating behaviors for 1 week via a validated ecological
momentary assessment protocol adapted from previous work
(Hofmann et al., 2012).

We conducted preregistered analyses (https://osf.io/qsbpy)
in which we computed both univariate and multivariate
brain-based measures hypothesized to index the psychologi-
cal processes of food cue reactivity, regulation and subjective
valuation (Giuliani et al., 2018). For a priori univariate mea-
sures, we extracted aggregate reward-related activity from sev-
eral regions of interest (i.e. ventral striatum bilaterally and
lateral orbitofrontal cortex; Wagner et al., 2013) to index reac-
tivity, aggregate activity in the frontoparietal control network
(Dosenbach et al., 2007; Power et al., 2011) to capture regulatory
processes and activity in a sub-region of ventromedial pre-
frontal cortex (vmPFC) that integrates multiple attributes during
dietary choice behaviors (Tusche and Hutcherson, 2018) to index
valuation.

To complement these univariate regions of interest (ROIs), we
leveraged whole-brain patterns associated with reactivity, regu-
lation, and valuation and calculated the individual expression
of these patterns. Distributed patterns of neural activity associ-
ated with target psychological processes may be more sensitive
than univariate indicators (Chang et al., 2015), and this approach
has been shown to reliably index people’s conscious decisions
to regulate negative emotions (Doré et al., 2017) as well as cap-
ture negative affective states during a threat-processing task
(Kim et al., 2019). Another study showed that whole-brain pat-
terns of activation that more closely resembled a meta-analytic
map of cognitive reappraisal (Buhle et al., 2014) during exposure
to emotionally evocative stimuli were linked with lower stress
during the task, even when participants were not instructed to
regulate (Shahane et al., 2019). While these studies utilized pat-
terns derived from meta-analysis, others have utilized machine
learning to develop whole-brain patterns indexing target psy-
chological processes, also known as neural signatures (Wager
et al., 2013; Chang et al., 2015; Woo et al., 2017). In the eating
domain, Cosme et al. (2020) showed that patterns of activation
indexing food craving regulation derived usingmachine learning
exhibited greater out-of-sample accuracy than patterns derived
fromunivariate contrasts when classifyingwhether peoplewere
regulating their food cravings or not (Cosme et al., 2020).

Here, we selected several a priori multivariate patterns rep-
resenting the cognitive processes related to food cue reactivity,
regulation, and valuation usingwhole-brain termmaps from the
NeuroSynth database (Yarkoni et al., 2011) as well as the afore-
mentioned neural signature of food craving regulation (Cosme
et al., 2020). Specifically, we categorized Neurosynth maps for
‘reward’ and ‘craving’ under reactivity, ‘cognitive control’ and
the signature developed by Cosme et al. (2020) under regulation
and the Neurosynth ‘value’ map under valuation, as per the tri-
partite framework cited above (Giuliani et al., 2018). For each par-
ticipant and for eachmultivariate pattern, we computed pattern
expression values, which can be interpreted as an index of how
strongly the target cognitive process was engaged during expo-
sure to appetizing food cues. We then fit a series of linear regres-
sion models to assess the degree to which each neural indica-
tor was associated with proximal and distal aspects of eating
behavior; namely, daily eating behavior and body composition.
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However, due to the relatively large number of variables
we were interested in and the numerous analytic decisions
employed to operationalize them, we complemented these anal-
yses by adopting a multiverse approach (Steegen et al., 2016)
to assess the robustness of these brain–behavior associations
and overcome issues related to undisclosed analytic flexibility
(Simmons et al., 2011), which is often magnified in neuroimag-
ing studies (e.g. there can be upwards of 69 000 workflows
when analyzing fMRI data; Poldrack et al., 2017). Specifically, we
employed specification curve analysis (SCA; Simonsohn et al.,
2020) to assess how analytic decisions and inclusion of covari-
ates affected the associations between criterion variables and
univariate and multivariate neural indicators related to reac-
tivity, regulation and valuation. This approach has been used
within psychological research on technology use (Orben and
Przybylski, 2019a,b), and recent work in cognitive neuroscience
has highlighted the utility of SCA applications to neuroimaging
research (Klapwijk et al., 2019; Flournoy et al., 2020). We argue
that SCA is especially useful in translational contexts because
it provides an explicit framework to test the effect of analytic
decisions, which otherwise undisclosed might lead to increased
false positives and lower overall translational value within the
literature.

Across all analyses in this study, we had two sets of direc-
tional hypotheses about the relationships between univariate
and multivariate neural indicators, and body composition and
daily eating behaviors. First, we predicted that (i) ROI activity
and pattern expression indexing reactivity and valuation would
be positively associated with criterion variables (BMI, body fat
percentage and proportion of daily food cravings enacted) and
(ii) ROI activity and pattern expression indexing regulation
would be negatively associated with criterion variables, with
the neural signature of food craving regulation performing bet-
ter since it may be a more specific indicator of regulation in
this context. Second, given the theoretical importance of dis-
tributed processing during self-regulation (Kelley et al., 2015),
and direct comparisons of the predictive validity of univariate
and multivariate measures (Chang et al., 2015; Doré et al., 2017),
we expected thatmultivariate pattern expressionwould bemore
strongly associated with the criterion variables than univariate
ROI activity.

Method

Data and analysis scripts are available online: https://github.
com/dcosme/RRV_scripts.

Participants

For this study, we pooled existing data from male and female
young adults recruited from the Dartmouth community, many
of whom were undergraduate students. While all present anal-
yses are new and not reported elsewhere, some participants’
(N=172) data were included in previously published research to
test related but separable hypotheses (Lopez et al., 2014, 2017,
2019b). To be able to participate in the study, individuals were
required to meet the following inclusion criteria: (i) be of at
least 18 years of age and (ii) report no history of any neurolog-
ical problem or psychiatric disorder. A total of 272 participants
enrolled in these studies (226 females;Mage =19.53; s.d.age =1.58;
age range: 18–28 years) and completed a food cue reactivity
task while undergoing functional neuroimaging (fMRI) and body
composition assessment. Following the procedures employed

by previous food cue reactivity studies in our lab (e.g. Wagner
et al., 2013), we instructed all participants to refrain from eating
or drinking for at least 2 hours prior to the functional magnetic
resonance imaging (fMRI) scanning session, so varying levels of
hunger would not impact the imaging results. A subset of partic-
ipants (N=100, all female) also enrolled in aweeklong ecological
momentary assessment (EMA) procedure inwhich they reported
their daily eating patterns. Six participants were excluded due
to poor data quality, three for problematic motion artifacts (see
Methods) and one due to a structural anomaly, yielding a total
of 262 participants. Of these, nine participants were missing
the body mass index (BMI) measure and 12 were missing body
fat percentage, yielding the following sample sizes for analy-
sis: BMI N=253, body fat percentage N=250 and daily craving
enactment N=97.

In each study, participants were informed that wewere inter-
ested in cognition and emotion in everyday life, to avoid reveal-
ing the true nature of our hypotheses and our focus on eating
behaviors. Additionally, when we assessed body composition
we alerted participants that we needed accurate body weight
measurements from every participant for fMRI scanning. Upon
completion of each study, participants were debriefed on the
study’s overall goal to establish the links between brain activity
and self-regulatory behaviors in the eating domain. All partic-
ipants gave their informed consent according to protocols and
guidelines set by Dartmouth’s Committee for the Protection of
Human Subjects.

Cue reactivity task

We administered an event-related task that has been validated
in previous cue reactivity studies and reliably elicits activity
in regions associated with reward and self-regulation (Wagner
et al., 2013; Lopez et al., 2014, 2017). Specifically, the participants
viewed a series of images depicting appetizing foods, social
scenes or nature scenes and were instructed to make a sim-
ple perceptual judgment (i.e. indicate whether the image was an
indoor or outdoor scene) and, importantly, were not instructed
to regulate their responses.

Body composition assessment

We measured BMI (kg/m2) and body fat percentage using
a Tanita Total Body Composition Analyzer (model TBF-300A;
Tanita Corporation, Arlington Heights, IL, USA). This is an
acceptable method that is comparable to other techniques that
use electrical impedance to estimate various metrics of body
composition, including total bodywater and body fat percentage
(Jebb et al., 2000).

Daily eating behavior assessment (EMA)

A subset of participants (N=100) in the present sample enrolled
in a weeklong EMA procedure adapted from previous work
(Hofmann et al., 2012; Lopez et al., 2014) in which we assessed
the various aspects of their daily eating behaviors. Given that
studies have observed brain–behavior relationships with food
craving enactment as a primary outcome of interest (Lopez et al.,
2014, 2017), we focused on craving enactment as our main cri-
terion measure to reflect real-world eating behavior. Additional
measures were collected as part of the EMA procedure, but they
were intended to test other hypotheses in previously published
studies. Here, we focused on enactment because it is a valid and
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overt measure of outward eating behavior, as opposed to mea-
sures capturing inner psychological processes examined in prior
work (e.g. the joint role of desire strength and positive/negative
mood to predict self-regulation success and failure in Lopez
et al., 2016). We computed craving enactment as the proportion
of EMA pings for which participants answered ‘yes’ to the ques-
tion: ‘Did you already consume some of the food you desired?’
relative to all pings in which participants reported a current or
recent (≤20 minutes) craving.

Dietary restraint

We included sum scores from the 10-item Revised Restraint
Scale, which captures two key facets of dieting, concern for
dieting and weight fluctuations (Herman and Polivy, 1980;
Heatherton et al., 1988), as a covariate in the specification
curve analyses and in post-hoc cross-validation models (see
Supplementary Material). Six participants did not complete this
measure (N=266).

Neuroimaging data acquisition and preprocessing

Additional details regarding neuroimaging acquisition informa-
tion, preprocessing and first-level modeling procedures are pro-
vided in Supplementary Material. MRI data were preprocessed
using fMRIPrep 1.1.4 (Esteban et al., 2019). Briefly, anatomical
images were segmented and normalized to Montreal Neurolog-
ical Institute (MNI) space using FreeSurfer (Fischl, 2012); func-
tional images were susceptibility distortion corrected, realigned
and coregistered to the normalized anatomical images. Prepro-
cessed functional data were smoothed using a 6-mm full-width
at half maximum smoothing kernel. At the first level, linear
contrasts for each food stimulus type (i.e. snack, meal and
dessert), and for the average of all food stimulus types, vs base-
line rest, as well as vs nature, were estimated across runs for
each participant.

Univariate ROI definition and parameter extraction

Univariate ROIs were selected fromprevious research on reward,
regulation and valuation (Table 1) and were defined as 6-mm
spheres around each seed region. For each participant and

contrast, we extracted mean parameter estimates from each
ROI using the 3dmaskave function in AFNI 18.2.04 (Cox, 1996).
Parameter estimates were Z-scored within ROI to account for
the differences in variability between ROIs. Outliers that were
3 s.d. from the mean (N=388 or 1.12% of ROI scores) were win-
sorized to ±3 s.d. More details about the process of aggregation
are listed in Supplementary Material.

Multivariate pattern expression values

We complemented the univariate ROI approach usingmultivari-
ate patterns also presumed to index the same three overarching
processes of reward, regulation and valuation (Table 1). We
selected unthresholded meta-analytic maps derived from Neu-
roSynth (Yarkoni et al., 2011) for the following terms: ‘reward’
and ‘craving’ (for reactivity), ‘cognitive control’ (for regulation)
and ‘value’ (for valuation). We expected that associationmaps—
which indicate how much more likely an activation is reported
in each region given a term is present (vs absent from a paper)—
to be better predictors of criterion variables because they should
be more specific indicators of a psychological process. However,
we also included uniformity maps—which simply index how
consistently a region is activated in studies including a given
term—to test this hypothesis directly. Therefore, for each psy-
chological process, we included two meta-analytic maps corre-
sponding to the association anduniformity tests onNeuroSynth.
We also included a single unthresholded, whole-brain neural
signature of food craving regulation (Cosme et al., 2020) as a sec-
ondary measure of cognitive control specific to food craving. We
assessed the degree to which participants expressed the pat-
terns of interest by treating each multivariate pattern and each
participant-level condition contrast as a vector of weights and
taking the dot product of each combination (Doré et al., 2017;
Cosme et al., 2020) using the 3ddot function in AFNI. This pro-
cess yields one scalar ‘pattern expression value’ (PEV) for each
condition and multivariate pattern, and this can generally be
interpreted as a relative evidence for the target/referent psy-
chological process being present or engaged for that participant.
As with the univariate ROIs, we Z-scored the PEVs within each
multivariate map and test (i.e. association or uniformity), and
the outliers that were 3 s.d. from the mean (Nassociation =135 or
0.94% of PEVs; Nuniformity =128 or 1.11% of PEVs) were winsorized
to ±3 s.d.

Table 1. Neural indicators

Process Neural indicator Origin Regions and MNI coordinates

Univariate ROIs
Reactivity Reward Wagner et al. (2013) Right VS (9, 3, −6); Left VS (−9, 3, −6);

OFC (−30, 33, −18)
Regulation Cognitive control Dosenbach et al. (2007); Power et al. (2011) dlPFC (46, 28, 31; −44, 27, 33), MFG (44, 8, 34;

−42, 7, 36),
IPL (54, −44, 43; −53, −50, 39), IPS (32, −59, 41;
−32, −58, 46)

Valuation Value Tusche and Hutcherson (2018) vmPFC (−6, 49, 1)

Multivariate patterns
Reactivity Reward NeuroSynth: ‘reward’

Craving NeuroSynth: ‘craving’
Regulation Cognitive control NeuroSynth: ‘cognitive control’

Food craving regulation Cosme et al. (2020)
Valuation Value NeuroSynth: ‘value’

Univariate ROIs were Z-scored across participants within ROI and then averaged across ROIs within each process to form aggregate predictors for reward and cognitive
control. vmPFC=ventromedial prefrontal cortex, VS=ventral striatum, OFC=orbitofrontal cortex, dlPFC=dorsolateral prefrontal cortex, MFG=middle frontal gyrus,
IPL= inferior parietal lobule, IPS= intraparietal sulcus.
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A priori regression analysis

We ran a series of linear regression models to compare the
degree to which activation in univariate ROIs and multivari-
ate patterns was associated with the body composition and
daily eating behavior and identify the overall best-fitting model.
We focused on a single a priori path of analytic decisions that
included extracting neuralmeasures from the food > nature con-
trast (i.e. the average across all food stimulus types) and utilizing
meta-analytic maps generated via association tests on Neu-
roSynth. These decisions constituted our a priori analytic path,
which seemedmost justified based on the literature and theoret-
ical expectations. We Z-scored criterion variables and regressed
each criterion on all nested combinations of the neural indica-
tors and compared the models using a four-step process: First,
for each criterion variable, we fit a null model with the intercept
as the only predictor. Then, we fit the models with the univari-
ate ROIs as predictors and selected the best-fitting model using
the Akaike Information Criterion (AIC) as the model fit index.
Next, we followed the same procedure for the models with mul-
tivariate PEVs as predictors. Finally, we fit a single model for
each criterion combining the predictors from the best-fitting
univariate ROI and multivariate PEVmodels. We then compared
these four models to determine whether the neural indicators
explained the additional variance beyond the null model, and if
so, whether univariate ROIs, multivariate PEVs or both best fit
the data.

To assess the stability of the overall best-fitting model, we
used 5-fold cross-validation repeated five times implemented
using the caret package (Kuhn, 2008) in R (R Core Team, 2019).
That is, we partitioned the data into five equally divided folds
and fit the best-fitting model for each criterion variable five
times holding one of the folds out each time. Although we pre-
registered doing this procedure once, we repeated this procedure
five times, shuffling the data in each partition, for a total of 25
estimates of each best-fitting model, in order to get better esti-
mates of model stability. This allowed us to estimate the degree
of variability in variance explained and error for each best-fitting
model specification. Post-hoc models including sex and dietary
restraint are reported in Supplementary Material.

Specification curve analysis

A primary goal of this study was to determine which neural
indicators of reactivity, regulation and value (if any) are reli-
ably associated with the body composition and daily eating
behavior. Because there are a vast number of potential predic-
tor variables and analytic decisions (e.g. using association vs
uniformity meta-analytic maps, using nature or baseline rest
as a control condition), we used specification curve analysis
(SCA; Simonsohn et al., 2020) to robustly characterizewhich neu-
ral indicators were most reliably associated with the criterion
(outcome) variables. In brief, SCA is a framework for mapping
the ‘multiverse’ of possible models that could be reasonably
specified to test a research question (Steegen et al., 2016). Rather
than specifying one or a handful of models to test a hypothe-
sis, all (or a large subset) of the theoretically justifiedmodels are
specified and inferential statistics (e.g. the median effect and
number of statistically significant positive or negative effects)
are conducted across model specifications. This provides an
opportunity to investigate how a given hypothesis test changes
as a function of various analytic decisions, as well as uncover
novel insights from patterns in the specification curve not oth-
erwise discernable.

Here, we used SCAs in two ways. First, we focused on each
criterion variable separately to assess which neural indicators
weremost reliably associated with them. For each criterion vari-
able, we specified 1976 unique models (1820 for food craving
enactment as sex was not included as a covariate since the
sample was all female) using the specr package (Masur and
Scharkow, 2019) in R that included the univariate ROIs and mul-
tivariate PEVs as the predictors of interest. In each model, a
single neural indicator was specified as the predictor of interest
andwe assessedhow its associationwith each outcome changed
as a function of analytic decisions and covariates included in
the model. Specifically, we assessed the effect of stimulus type
operationalization (snack, meal, dessert or their average food),
control contrast (nature, baseline rest or their average) and
meta-analytic test type for multivariate PEVs from NeuroSynth
(association or uniformity) by including these dummy-coded
variables (or not) in each model specification. We assessed the
effect of including sex, dietary restraint and other neural indi-
cators as covariates by including each covariate separately, all
covariates or no covariate. For each model specification, the
standardized regression coefficients for each predictor of inter-
est were then extracted, ordered by effect size and plotted to
form a specification curve. For each model specification in the
curve, we visualized which neural indicator was the predictor of
interest and the set of analytic decisions used in the model. We
also highlight the parameter estimates for the variables from the
best-fitting a priori ROI and PEV models identified in the cross-
validated regressionmodel comparison to visualize where these
effects fall within the curve of possible model specifications.

Second, we focused on each neural indicator individu-
ally in order to conduct inferential statistics for each set of
indicator–outcome specifications. Specifically, we calculated the
median standardized regression coefficient across all model
specifications, as well as the proportion of statistically signif-
icant positive and negative coefficients, and used bootstrap-
ping to generate confidence intervals around the curve medians
and assess how inconsistent the observed curve parameters
were with the null hypothesis of no relationship between each
indicator–outcome pair. The methodological details for each
type of bootstrapping are described in Supplementary Material.

Results

Descriptives

Means, standard deviations, and correlations for the variables
in the cross-validated regression model comparison are listed
in Table 2. Supplementary figures visualizing outcome distribu-
tions (Supplementary Figure S1) and mean parameter estimates
as a function of neural indicator, stimulus type, control con-
trast andmeta-analytic test type are provided in Supplementary
Material (Supplementary Figures S2–S3).

A priori regression analysis

BMI. Model comparison of the neural indicators specified from
a single analytic path revealed that the combined model includ-
ing the reward and value ROIs and the craving regulation PEV
best fit the BMI data and explained the additional variance
beyond the null model (AICdiff =−2.59). However, this model
only marginally fit the data better than the best-fitting ROI
model (AICdiff =−0.18). In the combined model, the reward ROI
(to index reactivity) was negatively rather than positively asso-
ciated with BMI (β=−0.31, P=0.019) and while positive as

D
ow

nloaded from
 https://academ

ic.oup.com
/scan/advance-article/doi/10.1093/scan/nsaa155/5995666 by U

niversity of Pennsylvania Library user on 23 August 2022



6 | Social Cognitive and Affective Neuroscience, 2020, Vol. 00, No. 00

Table 2. Means, standard deviations and correlations among variables in the cross-validated regressionmodel comparison, and dietary restraint

Variable M s.d. 1 2 3 4 5 6 7 8 9 10 11

1. BMI 23.19 3.36
2. Body fat percentage 25.43 8.00 0.66***
3. Enactment 0.47 0.22 −0.13 −0.20*

4. Reward ROI 0.06 0.50 −0.12* −0.07 0.21*
5. Reward PEV 0.07 0.77 −002 −0.07 0.31** 0.62***
6. Craving PEV −0.13 0.76 −0.02 −0.07 0.21* 0.47*** 0.81***
7. Cognitive control ROI −0.13 0.50 −0.02 −0.03 0.01 0.31*** 0.47*** 0.45***
8. Cognitive control PEV −0.11 0.78 −0.06 −0.06 0.05 0.41*** 0.59*** 0.54*** 0.91***
9. Craving regulation PEV 0.40 0.67 0.10 0.02 0.03 0.08 0.19** 0.24*** 0.21*** 0.23***
10. Value ROI 0.40 0.68 0.06 0.01 0.23* 0.30*** 0.58*** 0.51*** 0.06 0.16** 0.28***
11. Value PEV 0.28 0.77 0.00 −0.04 0.29** 0.60*** 0.91*** 0.76*** 0.30*** 0.40*** 0.15* 0.65***
12. Dietary restraint 16.9 8.10 0.24*** 0.36*** 0.14 −0.02 0.01 0.10 −0.15* −0.13* 0.02 0.14* 0.07

*P<0.10, *P<0.05, **P<0.01, ***P<0.001.

Table 3. Results and model fit indices for each outcome variable

BMI AIC R2 (s.d.) RMSE (s.d.) Process Parameter β [95% CI] SE t P

Combined* 721.56 0.04 (0.05) 1.00 (0.13) Intercept −0.07 [−0.23, 0.08] 0.08 −0.94 0.347
Reactivity Reward ROI −0.31 [−0.56, −0.05] 0.13 −2.37 0.019
Regulation Craving reg. PEV 0.14 [−0.05, 0.34] 0.10 1.47 0.144
Valuation Value ROI 0.12 [−0.08, 0.31] 0.10 1.17 0.243

ROI* 721.74 0.03 (0.05) 1.00 (0.11) Intercept −0.03 [−0.17, 0.11] 0.07 −0.43 0.667
Reactivity Reward ROI −0.31 [−0.56, −0.05] 0.13 −2.35 0.020
Valuation Value ROI 0.16 [−0.03, 0.35] 0.10 1.61 0.108

PEV 723.45 0.02 (0.03) 0.99 (0.14) Intercept −0.05 [−0.19, 0.10] 0.07 −0.67 0.507
Regulation Craving reg. PEV 0.16 [−0.03, 0.34] 0.09 1.64 0.102

Null 724.15 – – Intercept 0.01 [−0.11, 0.14] 0.06 0.21 0.837

Body fat AIC r2 (s.d.) RMSE (s.d.) Process Parameter β [95% CI] SE t p
Null 712.18 – – Intercept 0.02 [−0.11, 0.14] 0.06 0.27 0.791
ROI 712.92 0.02 (0.02) 1.00 (0.05) Intercept 0.02 [−0.10, 0.15] 0.06 0.38 0.706

Reactivity Reward ROI −0.14 [−0.39, 0.11] 0.13 −1.12 0.265
PEV 712.94 0.03 (0.04) 1.00 (0.07) Intercept 0.00 [−0.12, 0.13] 0.06 0.05 0.960

Reactivity Craving PEV −0.09 [−0.26, 0.07] 0.08 −1.11 0.268
Combined 714.49 0.03 (0.03) 1.01 (0.06) Intercept 0.01 [−0.12, 0.14] 0.07 0.19 0.849

Reactivity Reward ROI −0.09 [−0.38, 0.19] 0.14 −0.66 0.508
Reactivity Craving PEV −0.06 [−0.25, 0.13] 0.10 −0.65 0.516

Enactment AIC r2 (s.d.) RMSE (s.d.) Process Parameter β [95% CI] SE t p
PEV* 270.78 0.15 (0.13) 0.96 (0.16) Intercept −0.06 [−0.26, 0.13] 0.10 −0.64 0.525

Reactivity Reward PEV 0.37 [0.14, 0.59] 0.11 3.19 0.002
Combined* 272.11 0.12 (0.11) 0.97 (0.11) Intercept −0.11 [−0.35, 0.12] 0.12 −0.97 0.332

Reactivity Reward PEV 0.31 [0.05, 0.58] 0.13 2.33 0.022
Valuation Value ROI 0.13 [−0.19, 0.45] 0.16 0.81 0.419

ROI* 275.56 0.11 (0.09) 0.99 (0.08) Intercept −0.16 [−0.39, 0.08] 0.12 −1.32 0.189
Valuation Value ROI 0.32 [0.04, 0.60] 0.14 2.27 0.026

Null 278.66 – – Intercept −0.01 [−0.21, 0.19] 0.10 −0.10 0.918

Models for each outcome are ordered based on AIC. Standard deviations for R2 and RMSE were generated during cross-validation. It was not possible to run cross-
validation for the null models. All variables were Z-scored across participants. Asterisks indicate statistically significant better model fit compared to the null model
at P<0.05. Craving reg.=Craving regulation.

expected, the value ROI (vmPFC, to index valuation) was not sta-
tistically significant (β=0.12, P=0.243). Furthermore, while we
expected the craving regulation PEV to be negatively associated
with BMI, the observed effect was positive and did not differ sig-
nificantly from zero (β=0.14, P=0.144). All results are listed in
Table 3.

Body fat percentage. Contrary to our hypothesis, neither the
ROI, the PEV or the combined model better fit the data than
the null model containing the intercept as the only predictor
(Table 3).

Enactment. The neural indicator models explained the addi-
tional variance beyond the null model, and overall, the best-
fitting PEV model best fit the data. As expected, in this model,
the multivariate reward PEV indexing reactivity was positively
associated with desire enactment (β=0.37, P= 0.002).

Specification curve analysis

We expected that (i) neural indices of reactivity (reward ROIs and
reward and craving PEVs) and valuation (vmPFC ROI and value
PEV) would be positively associated with outcomes, whereas
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Fig. 1. Specification curves for each outcome (BMI, body fat percentage and food craving enactment). The top panel depicts the association between neural indicators

(x) and (A) BMI, (C) body fat percentage and (E) enactment. Each dot represents the standardized regression coefficient for the neural indicator from a unique model

specification with a 95% confidence interval around it. Model specifications are ordered by the regression coefficient; models for which the regression coefficient

of interest was statistically significant at P<0.05 are visualized in black, whereas coefficients P>0.05 are in gray. The colored horizontal lines represent the median

regression coefficient of the curve for each neural indicator, separately. The bottom panels show the neural indicators and analytic decisions that were included in

each model specification for (B) BMI, (D) body fat percentage and (F) enactment. Model specifications are colored based on the neural indicator; models for which

the regression coefficient of interest was statistically significant at P<0.05 are visualized are opaque, whereas coefficients P>0.05 are partially opaque. Models under

the a priori label highlight the neural indicators from the best-fitting ROI and PEV models listed in Table 3. Test=whether multivariate covariates were derived from

association or uniformity tests on NeuroSynth.org; stimulus= food stimulus type during the cue reactivity task; contrast= control contrast; average= the average

across condition (i.e. across food types or control contrasts).

indices of regulation would be negatively associated with them,
and (ii) these relationships would be stronger for multivariate
PEVs relative to univariate ROIs. Figure 1 shows that there were
reliable positive and negative associations across the specified
analytic paths for a subset of the neural indicators and out-
comes. It also shows that the parameter estimates from the
best-fitting a priori ROI and PEV models tended to be toward the
positive and negative extremes of the curves, but were not the
largest regression coefficients. In general, body fat percentage
showed the weakest relationships (i.e. median curve coeffi-
cients) with the neural indicators, while food craving enactment
showed the strongest relationships (Figure 2; Table 4). Overall,
the pattern of results did not indicate that multivariate PEVs
showed consistently stronger relationships with the outcomes.
Individual neural indicator curves and median effects are visu-
alized in Figure 2; inferential statistics are reported in Table 4.
More detailed specification curves for each neural indicator are
provided in Supplementary Material.

BMI. As expected, both valuation indicators showed positive
median effects (ROI: β=0.05, 95% confidence interval [CI] [0.02,

0.14], P<0.001; PEV: β=0.02, 95% CI [−0.05, 0.09], P<0.001)
that differed from the null distribution. However, the num-
ber of positive associations that were statistically significant
only differed from the null distribution for the valuation ROI
(ROI: N=56, P<0.001; PEV: N=6, P= 0.740; Figure 2A–B). The
craving PEV, indexing reactivity, also showed the expected pos-
itive median effect (β=0.04, 95% CI [0.01, 0.13], P<0.001), and
the number of significant positive associations was higher than
expected in the null distribution (N=17, P<0.001). However, in
contrast to our hypothesis, the reward ROI (also hypothesized
to index reactivity) was negatively associated with BMI across
specifications (β=−0.13, 95% CI [−0.24, −0.02], P<0.001; N=22,
P<0.001) and the reward PEV (reactivity) showed amedian effect
of zero (β=−0.00, 95% CI [−0.08, 0.05], P=0.391). As expected,
the cognitive control PEV (indexing regulation) was negatively
associated with BMI (β=−0.07, 95% CI [−0.16, −0.04], P<0.001;
N=22, P<0.001). However, the relationship between BMI and
the cognitive control ROI (regulation) was mixed. While the
median effect differed from the null distribution (β=0.02, 95%
CI [−0.04, 0.20], P=0.033), the bootstrapped confidence interval
included zero and the share of positive significant results did
not (N=9, P=0.223). In addition, the craving regulation PEV was
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Fig. 2. Specification curve comparison for each neural indicator and outcome. The top panel shows separate specification curves for each neural indicator and (A)

BMI, (C) body fat percentage and (E) food craving enactment. Within each curve, models are ordered by regression coefficient. The bottom panel shows the median

effect (standardized regression coefficient) from the curve for each neural indicator, (B) BMI, (D) body fat percentage and (F) food craving enactment. Error bars are

bootstrapped 95% CIs around the median regression coefficient of the curve. Asterisks indicate a statistically significant share of positive or negative associations in

the curve at P<0.05.

positively rather than negatively associated with BMI (β=0.09,
95% CI [0.03, 0.16], P<0.001; N= 17, P<0.001). All parameter
estimates and statistics are listed in Table 4.

Body fat percentage. The craving PEV (β=0.04, 95% CI [−0.00,
0.12], P<0.001; N=15, P=0.012) and value ROI (β=0.04, 95% CI
[−0.00, 0.12], P<0.001; N=35, P<0.001), indexing reactivity and
valuation, respectively, were positively associated with body fat
percentage as expected (Figure 2C–D). Contrary to our hypothe-
ses, indicators of regulation, namely the cognitive control ROI
(β=0.08, 95% CI [−0.00, 0.21], P<0.001; N= 12, P=0.009) and
craving regulation PEV (β=0.06, 95% CI [−0.01, 0.12], P<0.001;
N=10, P=0.027), were positively associated with body fat per-
centage. Other indicators of reactivity, regulation, and valuation
did not show clear positive or negative associationswith body fat
percentage (Table 4).

Enactment. With respect to enactment (Figure 2E–F), these
associations were largely in the predicted direction. Key indi-
cators of reactivity (reward ROI: β=0.19, 95% CI [0.03, 0.33],
P<0.001; reward PEV: β=0.21, 95% CI [0.13, 0.33], P<0.001;
craving PEV β=0.07, 95% CI [−0.06, 0.11], P<0.001) and valu-
ation (value ROI: β= 0.07, 95% CI [−0.02, 0.18], P<0.001; value
PEV: β=0.19, 95% CI [0.14, 0.33], P<0.001) had positive median
associations with enactment, whereas an indicator of regula-
tion, the cognitive control ROI, was negatively associated with
it (β=−0.15, 95% CI [−0.38, −0.10], P<0.001). Contrary to

expectations, the multivariate indicators of regulation showed
median effects of zero for the cognitive control PEV (β=−0.00,
95% CI [−0.08, 0.09], P=0.324) and craving regulation PEV
(β=−0.01, 95% CI [−0.11, 0.07], P=0.347). These median effects
were mirrored in the number of statistically significant positive
and negative associations (Table 4).

Discussion

In this study, we tested the degree to which univariate and
multivariate neural indicators of food cue reactivity, regula-
tion, and valuation were related to body composition and daily
eating behavior and identified robust associations in a large
sample of young adults. The strongest and most consistent
associations across model specifications were observed for the
frequency of enactment of daily food cravings. Although largely
consistent with the a priori regression analyses, specification
curve analyses revealed additional reliable associations, high-
lighting the benefit of explicitly testing the effects of analytic
decisions. Overall, the findings indicate that the extent to which
individuals spontaneously recruited discrete brain regions and
instantiated whole-brain patterns indexing food cue reactiv-
ity, regulation and valuation was related to both the proxi-
mal and distal markers of eating behavior. Specifically, neural
indicators of reactivity (the reward ROI and multivariate pat-
tern and craving multivariate pattern) and valuation (the value
ROI and multivariate pattern) were the most reliable predic-
tors across criterion variables and had the greatest number of
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Table 4. Bootstrapped results from the specification curve analyses for each outcome variable

Model/
Process Neural indicator

Median standardized
regression coefficient

Number of significant
negative associations

Number of significant
positive associations

BMI β [95% CI] p N p N p
Reactivity Reward ROI −0.13 [−0.24, −0.02] <0.001 22 <0.001 0 1.000

Reward PEV −0.00 [−0.08, 0.05] 0.391 5 0.764 1 1.000
Craving PEV 0.04 [0.01, 0.13] <0.001 2 0.989 17 <0.001

Regulation Cognitive control ROI 0.02 [−0.04, 0.20] 0.033 0 1.000 9 0.223
Cognitive control PEV −0.07 [−0.16, −0.04] <0.001 22 <0.001 0 1.000
Craving regulation PEV 0.09 [0.03, 0.16] <0.001 0 1.000 17 <0.001

Valuation Value ROI 0.05 [0.02, 0.14] <0.001 0 1.000 56 <0.001
Value PEV 0.02 [−0.05, 0.09] <0.001 7 0.680 6 0.740

Body fat β [95% CI] P N P N P
Reactivity Reward ROI −0.02 [−0.12, 0.08] 0.012 0 1.000 0 1.000

Reward PEV −0.01 [−0.10, 0.03] 0.043 4 0.948 0 1.000
Craving PEV 0.04 [−0.00, 0.12] <0.001 1 1.000 15 0.012

Regulation Cognitive control ROI 0.08 [−0.00, 0.21] <0.001 0 1.000 12 0.009
Cognitive control PEV −0.01 [−0.09, 0.03] 0.007 2 0.997 0 1.000
Craving regulation PEV 0.06 [−0.01, 0.12] <0.001 0 1.000 10 0.027

Valuation Value ROI 0.04 [−0.00, 0.12] <0.001 0 1.000 35 <0.001
Value PEV 0.01[−0.06, 0.07] 0.012 1 1.000 1 1.000

Enactment β [95% CI] P N P N P
Reactivity Reward ROI 0.19 [0.03, 0.33] <0.001 0 1.000 24 <0.001

Reward PEV 0.21 [0.13, 0.33] <0.001 2 0.992 99 <0.001
Craving PEV 0.07 [−0.06, 0.11] <0.001 7 0.421 23 <0.001

Regulation Cognitive control ROI −0.15 [−0.38, −0.10] <0.001 34 <0.001 0 1.000
Cognitive control PEV 0.00 [−0.08, 0.09] 0.324 8 0.387 10 0.063
Craving regulation PEV −0.01 [−0.11, 0.07] 0.347 1 0.999 0 1.000

Valuation Value ROI 0.07 [−0.02, 0.18] <0.001 0 1.000 19 <0.001
Value PEV 0.19 [0.14, 0.33] <0.001 0 1.000 81 <0.001

N= the number of models in each observed specification curve analysis in which the regression coefficient was statistically significant at p<0.05. 95% CIs were
bootstrapped with 1000 samples. See Supplementary Material for methodological details related to the bootstrapped confidence intervals and P values.

significant associations (across processes and both univariate
and multivariate measures) when predicting people’s enact-
ment of daily food cravings.

First, we assessed these associations for a single a priori ana-
lytic path and usedmodel comparison to identify the best-fitting
models for each outcome. Overall, the most reliable neural indi-
cators were those that indexed reward processing; the reward
ROI was surprisingly negatively associated with BMI and the
reward PEV was positively associated with food craving enact-
ment. There were no other statistically significant associations
in thesemodels and neural indicators did not explain additional
variance beyond a null model for body fat percentage. It is also
notable that these neural indicators explainedmore variance for
craving enactment than BMI or body fat percentage, suggesting
a stronger relationship with more proximal processes related to
eating behavior.

Next, we conducted specification curve analyses to assess
the reliability of these effects across other reasonable model
specifications. The SCAswere consistentwith the a priori regres-
sion models in that neural indicators of reactivity were reliably
associated with BMI and food craving enactment across mod-
els, but also revealed additional robust associations. Overall,
we did not find evidence that multivariate pattern expression
values were better predictors of outcomes than univariate ROI
activation (Chang et al., 2015; Doré et al., 2017). Instead, while
they tended to be in the same direction for each process, the
strength of the relationships varied as a function of process and
outcome, suggesting univariate andmultivariate indicatorsmay
have a complementary predictive value. For example, when pre-

dicting enactment, both univariate activity in the reward ROI
[i.e. bilateral ventral striatum and orbitofrontal cortex (OFC)] and
whole-brain pattern expression of the ‘reward’ Neurosynthmap
emerged as the reliable positive predictors of enactment.

BMI

With respect to BMI, several univariate and multivariate neural
indicators were associated with BMI, and the majority of these
were in the hypothesized direction. Specifically, we observed
consistent positive associations between BMI and the value
ROI and the craving PEV, while the cognitive control PEV was
negatively associated with BMI. However, the reward ROI was
consistently negatively associated with BMI, whereas the crav-
ing regulation PEV was positively associated, and the cognitive
control ROI, value PEV and reward PEV were not strongly asso-
ciated with BMI. Although the relationship between the reward
ROI and BMI was in the opposite direction than hypothesized,
this is not inconsistent with other work suggesting that obese
individuals have blunted food cue reactivity in the mesolim-
bic dopamine pathway (Stice et al., 2008; Burger and Stice,
2011; Green et al., 2011). With respect to the craving regulation
signature, one potential explanation for the positive association
is that individualswith higher BMIsmay bemore likely to engage
in spontaneous reappraisals during unhealthy food cue expo-
sure because they feel greater conflict. While we were unable
to test this directly, it is consistent with other evidence show-
ing positive associations between BMI and pattern expression
of the craving regulation signature during exposure to healthy
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and unhealthy foods, and this relationship was stronger for
unhealthy foods (see supplementary material in Cosme et al.,
2020).

Food craving enactment

We also observed robust associations between food craving
enactment and multiple indicators of reactivity, regulation, and
valuation. These results were most clearly interpretable and
aligned with our directional hypotheses. All neural indicators of
reactivity and valuation were positively associated with enact-
ment. The reward activation and pattern expression indicators
showed the largestmedian effect sizes (β ROI =0.19,β PEV =0.21),
replicating findings frompreviousworks (Lopez et al., 2014, 2017)
in a larger sample. Additionally, increased activity in the cogni-
tive control ROI was associated with less frequent enactment,
as expected. Together, this pattern of results is consistent with
Giuliani et al. (2018) framework and suggests that successful self-
regulation in the eating domain arises from multiple processes
that are integrated to guide eating behavior, vs an outcome
exclusively determined by impulsive and inhibitory processes
as predicted by dual-process models (e.g. Hofmann et al., 2009;
Heatherton and Wagner, 2011), as demonstrated by Cosme and
colleagues (Cosme et al., 2019).

Body fat percentage

In contrast to BMI and food craving enactment, associations
between neural indicators and body fat percentage were less
consistent and generally lower in magnitude. One possibility is
that because the accumulation of body fat is the result of com-
plex interactions between behavioral and biological processes
and is highly heritable (20–60%(Price, 1987), neural activation
during food cue exposure may simply be less directly related to
body fat percentage. Another possibility is that body fat percent-
age, as measured by bioelectrical impedance, may not be the
most valid way to capture body fat, or it may not be as reliable
compared to other measures of body composition, such as waist
circumference or waist-to-hip ratio.

Limitations and future directions

This study has several limitations. First, these results are corre-
lational and thus cannot establish a causal role for the neural
indicators. For example, it could be that reactivity, regula-
tion and valuation—as indexed by univariate and multivariate
indicators—drive eating behavior, or the causal direction may
be reversed (e.g. certain eating patterns may make it easier or
more difficult to maintain one’s self-regulatory abilities, with
attendant changes in univariate activation or pattern expres-
sion). Next, we only assessed eating behavior for 1 week in a
subset of participants. This relatively short assessment period
prohibits inferences about trends and changes in eating patterns
over time. A more intensive, longitudinal EMA design with mul-
tiple neural and behavioral assessments would better address
how changes in neural indicators result in subsequent changes
in eating behaviors.

Building on recent research examining the effects of self-
regulatory training in the eating domain (Chen et al., 2018),
future interventions might directly test the extent to which
ROI activity and pattern expression related to reactivity, reg-

ulation and valuation change as a function of training and
how change relates to eating behaviors, including food craving
enactment. We also would recommend that subsequent stud-
ies provide additional measures to establish convergent validity
of neural indicators during the passive viewing tasks, especially
those that index regulatory processes. For example, researchers
can directly compare the extent to which blood-oxygen-level-
dependent activity in neural indicators of regulation during an
explicit craving regulation task is equally or more predictive of
body composition and daily eating patterns than activity during
passive viewing of food cues. Another possibility would be to
collect craving ratings for all food items, either during the scan-
ning session or immediately following the scan, to determine
whether greater or lesser engagement of regulation-related indi-
cators correlates with the participants’ craving levels.

Lastly, inferences drawn from the present work are limited
to the population under study—young adults, most of whom
were female college students at an elite, private college in New
England. It is therefore important to assess the generalizabil-
ity in populations with greater diversity in age, sex, race, and
socio-economic status. Furthermore, daily eating behavior was
only assessed in a sample of women, so these results in partic-
ular may not generalize to men. Future work would also have to
specifically test whether these associations generalize to clini-
cal populations with marked patterns of irregular or disordered
eating, such as binge eating disorder or anorexia nervosa.

Despite these limitations, this study has several strengths.
First, we conducted preregistered analyses, specifying a priori
univariate and multivariate neural indicators of reactivity, regu-
lation and valuation and testing directional hypotheses about
the relationships between these indicators and key outcome
measures. Second, we strengthened the inferential value of the
preregistered analyses by systematically testing their robust-
ness using SCA. This is the first study we are aware of that has
applied this method to fMRI data to explicitly test the effects
of analytic decisions on brain–behavior associations, and the
results highlight its utility for assessing robustness as well as
uncovering patterns in the data that might not otherwise be
revealed with traditional modeling approaches. This method
has great promise for social, cognitive and affective neuro-
science, and wide adoption could help strengthen the replica-
bility and translational impact of our research.

Conclusion

We demonstrated that univariate and multivariate neural indi-
cators of reactivity, regulation, and valuation—as captured
by fMRI during a cue reactivity task—are reliably associated
with body composition and daily eating behavior among young
adults. This replicates prior work using univariate activation to
predict appetitive behaviors (Berkman et al., 2011; Lopez et al.,
2014) and also establishes the utility of whole-brain pattern
expression as a way to operationalize food-cue-evoked activ-
ity and relate it to real-world outcomes. Overall, the present
findings suggest that both univariate and multivariate brain
measures are needed to characterize proximal and distal aspects
of eating behavior, and these measures can potentially serve as
viable neural targets for self-regulatory training. More broadly,
researchers may consider applying the present approach to
other domains of self-regulation and goal pursuit by mapping
neural indicators to different aspects of appetitive and addictive
behaviors.
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