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The ability to inhibit responses under high stakes, or “incentivized inhibition,” is critical for adaptive impulse
control. While previous research indicates that right ventrolateral prefrontal cortical (VLPFC) activity plays a key
role in response inhibition, less research has addressed how incentives might inﬂuence this circuit. By combining
a novel behavioral task, functional magnetic resonance imaging (FMRI), and diffusion-weighted imaging (DWI),
we targeted and characterized speciﬁc neural circuits that support incentivized inhibition. Behaviorally, large
incentives enhanced responses to obtain money, but also reduced response inhibition. Functionally, activity in
both right VLPFC and right anterior insula (AIns) predicted successful inhibition for high incentives. Structurally,
characterization of a novel white-matter tract connecting the right AIns and VLPFC revealed an association of
tract coherence with incentivized inhibition performance. Finally, individual differences in right VLPFC activity
statistically mediated the association of right AIns-VLPFC tract coherence with incentivized inhibition performance. These multimodal ﬁndings bridge brain structure, brain function, and behavior to clarify how individuals
can inhibit impulses, even in the face of high stakes.

Introduction
People sometimes must rein in their impulses when stakes are high.
Failure to do so not only can generate irrational or inconsistent behavior
in the moment, but also can reduce the likelihood of survival and thriving
over the long run. While different neural circuits may promote versus
prohibit impulses, their distinct neural trajectories and interactions
remain unclear (Mogenson et al., 1980; Graybiel, 1990; Robbins and
Everitt, 1996; Ferenczi et al., 2016). Characterization of circuits that
support incentivized inhibition might help identify neural targets relevant to the diagnosis and treatment of impulse control disorders.
Both lesion and neuroimaging research implicate the ventrolateral
prefrontal cortex (VLPFC; often right lateralized) in inhibiting ongoing
responses (Aron et al., 2003, 2007; Aron and Poldrack, 2006; Levy and
Wagner, 2011), as well as in adjusting responses to changes in reward
availability (Rudebeck et al., 2017). Meta-analyses of neuroimaging
research on response inhibition, however, also associate right anterior
insula (AIns) activity along with VLPFC activity in response inhibition
(Swick et al., 2011; Cai et al., 2014). A different neuroimaging literature
has implicated AIns and nucleus accumbens (NAcc) activity in the
anticipation of incentives (Knutson and Greer, 2008). Distinctive

contributions of response inhibition versus incentive anticipation circuits
to incentivized inhibition, however, have yet to be characterized.
Comparative neuroanatomical ﬁndings could inform human neuroimaging research on incentivized inhibition (Jbabdi et al., 2015). Speciﬁcally, axon tracing studies of monkeys indicate that dense
bidirectional monosynaptic projections connect the AIns to the VLPFC
(Mufson and Mesulam, 1982; Mesulam and Mufson, 1982b; Lehman
et al., 2011). More recently, researchers have used diffusion-weighted
imaging (DWI) to visualize related tracts in humans (Cerliani et al.,
2011; Cloutman et al., 2011). Beyond depicting tract trajectories, DWI
measures such as fractional anisotropy (FA) and the inverse of mean
diffusivity (MD) can index increased structural coherence in targeted
tracts (Gomez et al., 2016). Structural coherence of an AIns-VLPFC tract,
however, has yet to be assessed in humans or linked to brain activity and
behavior. In contrast, unidirectional monosynaptic tracts projecting from
the AIns to the NAcc (Chikama et al., 1997; Reynolds and Zahm, 2005)
have recently been identiﬁed in humans (Leong et al., 2016), and may
play a role in balancing avoidance against approach motivation, since
their increased coherence appears to diminish the attractiveness of risky
gambles by blunting NAcc activity (Leong et al., 2016).
While the impact of incentives on inhibition might critically inform
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correction was applied where multiple tests were performed (e.g., regressions involving two different measures of tract coherence; described
in the “Results” section). Potentially confounding accounts, however,
were tested at the conﬁrmatory thresholds in order to ensure direct
comparability with the conﬁrmatory tests. Code supporting the analyses
is available on the Open Source Framework (http://doi.org/10.17605/
OSF.IO/D3FKP; additional GitHub repositories with software versions
are also described in the Materials and Methods). Relevant data are also
available from the authors by request.

studies of impulse control, researchers have only begun to explore the
intersection of incentives and inhibition (Leotti and Wager, 2010; Padmala and Pessoa, 2010; O'Connor et al., 2012; Guitart-Masip et al., 2012;
Dunovan et al., 2015). Current research has not yet independently varied
incentive cues and inhibitory instructions on a trial-to-trial basis in order
to control for potential confounds of expectation on behavior. Thus, a
task that independently varies incentives and inhibition on each trial
might clarify whether dissociable neural circuits can support processing
incentives versus inhibition.
To characterize neural circuits that support incentivized inhibition,
we ﬁrst examined the effect of monetary incentives on response inhibition in a novel task that independently varied cued incentives and subsequent motor response requirements on a trial-to-trial basis (i.e., the
Monetary Incentive Delay Inhibition or MIDI Task). Next, we examined
whether functional brain activity in the right AIns and right VLPFC might
improve, whereas activity in the NAcc might impair, incentivized inhibition performance (speciﬁcally under conditions involving high incentives as well as inhibition demands). We then identiﬁed and
characterized structural white-matter tracts connecting the right AIns
and VLPFC as well as the right AIns and NAcc, to test whether their
coherence was associated with incentivized inhibition performance.
Finally, we combined these multimodal neuroimaging measures and
behavior in multivariate models to determine whether functional activity
at key tract projection points could statistically account for observed
associations of structural tract coherence with incentivized inhibition
performance.

Behavioral task
Subjects underwent FMRI while performing a novel “Monetary
Incentive Delay Inhibition” (MIDI) Task, during which they saw varying
incentive cues and then responded to subsequently presented “go” or “no
go” response targets (see Fig. 1). During each trial (N ¼ 96; 12 per
condition), subjects ﬁrst saw an incentive cue (2 s) representing the
amount of money they could gain or lose (þ$5, þ$0, –$5, –$0). Subjects
then ﬁxated on a centrally-presented cross during an anticipatory interval (2–2.5 s) while anticipating the appearance of an adaptively-timed
target (<2 s), which indicated the motor response (“go” or “no go”)
required to obtain the incentive. Speciﬁcally, if the subject saw a go
target (i.e., an upright solid triangle), they had to press a button as
quickly as possible before the target disappeared. This go target was
displayed for a variable interval, which temporally adapted with a
staircase procedure to maintain subject performance on go trials for each
incentive condition at approximately 66%. If the subjects instead saw a
no go target (i.e., an inverted textured triangle), they had to withhold any
motor response. No go target display times were not yoked to behavioral
performance, and instead displayed for a variable interval (randomly
generated between 500 and 750 ms). Next, subjects saw a monetary
outcome based on their performance on that trial (2 s). Finally, subjects
ﬁxated on a centrally-presented cross (2–6 s) until the beginning of the
next trial. Four different incentive conditions were presented with two
motor response targets, for a total of eight trial conditions. The conditions thus constituted a full factorial design, such that each of the four

Materials and methods
Fifty-one right-handed adults recruited from the community
completed the study. Eleven of these were excluded from analyses based
on excessive head motion during the FMRI scan (i.e., greater than 2 mm
in any plane between whole-brain acquisitions; n ¼ 7; Wu et al., 2014), or
DWI scan (i.e., greater than 5 mm in any plane on average across diffusion gradient directions; n ¼ 4), leaving a remaining total of 40 subjects
for analysis (18 females, age mean ¼ 36, standard deviation ¼ 14.3,
range ¼ 18–68 years). The study was conducted at the Stanford Center
for Cognitive and Neurobiological Imaging. Written informed consent
was obtained from all subjects prior to participation. After completing
behavioral and self-report measures (including neuropsychological and
personality tests), subjects then underwent functional and structural
magnetic resonance scans (detailed below). Subjects received a ﬁxed
compensation of $20 per hour, as well as the total money that they
earned on the task. The study was approved by the Stanford Medical
School Institutional Review Board.
Experimental design and statistical analysis
The sample size of this study was motivated by robust effects of
reward anticipation on mesolimbic brain activity in a well-established
“Monetary Incentive Delay” (MID) task (Knutson et al., 2001; Knutson
and Greer, 2008). Further, a power analysis based on a previously reported association between right AIns-NAcc tract coherence and behavioral preference for positively-skewed gambles indicated that a sample of
at least 34 subjects should prove sufﬁcient to observe predicted associations between the coherence of a single tract and behavior (p < 0.05,
Cohen's d ¼ 0.4, type I error ¼ 0.05, power ¼ 0.80, one-tailed test;
G*Power 3.1; Leong et al., 2016). Moderate test-retest reliability of
measures of anticipatory brain activity and of diffusion measures of
VLPFC white matter have also been reported (Wu et al., 2014; Boekel
et al., 2017). Overall, conﬁrmatory analyses were tested at conventional
thresholds (e.g., t-tests involving behavioral performance, regressions
involving FMRI VOI activity; p < 0.05, bidirectional), while exploratory
analyses were tested with more stringent thresholds using conventions
commonly applied in the literature (e.g., whole-brain FMRI contrasts;
described in the “FMRI acquisition and analysis” section). Bonferroni

Fig. 1. Inﬂuence of incentive cues and inhibitory targets on behavior.
(A) Monetary Incentive Delay Inhibition (MIDI) Task trial structure. Subjects
viewed a monetary incentive cue (2 s), anticipated responding (2 s), responded
to a Go or No go target (variable timing), viewed the trial outcome (2 s), and
ﬁxated for a variable inter-trial interval (2–6 s)
(B) Incentive cues enhanced motor go responses (paired t (39) ¼ 5.40,
p < 0.0001), but impaired no go (inhibitory) responses (paired t (39) ¼ #4.22,
p < 0.001). Solid lines indicate gain cue trials, while dashed lines indicate loss
cue trials; ***p < 0.001. See Table 1 for results from an omnibus analysis of
variance test of behavioral performance.
436

J.K. Leong et al.

NeuroImage 178 (2018) 435–444

and MPFC ( &4, 45, 0), based on coordinates speciﬁed in previous
research on incentive processing (Knutson and Greer, 2008). Additional
VOIs were centered on bilateral foci for VLPFC ( &45, 30, 0) and DLPFC (
&31, 15, 44) activity, based on the whole-brain group contrast maps. The
coordinates for the VLPFC VOI were based on the whole-brain contrast of
neural responses to go versus no go targets, rather than subjects' motor
responses. VOIs were warped from Talairach space to subjects' native
brain space, and activity was spatially averaged within each VOI and then
divided by the mean activity over the entire experiment to derive a
continuous measure of percent signal change. Conﬁrmatory analyses
were performed using VOIs from the Desai probabilistic atlas, to best
match the subject-speciﬁc FreeSurfer VOIs used for tractography analyses. Time courses were then shifted two volume acquisitions (or 4 s) to
account for the hemodynamic response lag to peak response. Percent
signal change was extracted from trial periods when subjects viewed
incentive cues (i.e., the ﬁrst volume acquisition), anticipated responding
for those incentives (second volume acquisition), and responded to the go
or no go target in each trial (third volume acquisition). Speciﬁcally, activity was extracted from the NAcc and AIns when subjects viewed
incentive cues, from the MPFC when subjects anticipated responding for
those incentives, and from the VLPFC and DLPFC when subjects
responded to targets. The timing of relevant brain activity was based on
the componential and hierarchical Affect-Integration-Motivation framework, which predicts that neural affective responses can precede and
modify subsequent value integration, which then informs motivated responses (Samanez-Larkin and Knutson, 2015). These were included in
logistic regression models that used brain activity to predict trial-to-trial
behavioral performance (success or failure in responding appropriately
to the go or no go target), with subjects modeled as random effects. Brain
activity in any VOI that was greater than 3 standard deviations from the
mean percent signal change in that VOI was excluded from regression
models. Statistical analyses were performed in R (version 3.4.0), using
packages for mixed effects regression analysis (lme4 version 1.1–15),
statistical mediation analysis (lavaan version 0.5–23.1097), and data
visualization (ggplot2 version 2.1.1). Whole brain FMRI contrast maps
are available on NeuroVault (https://neurovault.org/).

incentive conditions was fully crossed with an equal number of go and no
go motor targets. Subjects completed the MIDI task in two consecutive
FMRI runs (each lasting 10 min) immediately subsequent to completing
the Monetary Incentive Delay (or MID) task (Knutson et al., 2001).
Subjects received a cumulative outcome based on their overall performance at the end of the experiment. Thus, if subjects lost money on the
task, it was deducted from their hourly payment for research participation (average earnings ¼ þ$17.25, range ¼ –$10.00 - þ40.00, standard
deviation ¼ $13.91).
FMRI acquisition and analysis
Images were acquired in a 3 T Discovery MR750 scanner (GE Medical
Systems, Milwaukee, WI) with a thirty-two channel head coil. Forty-six
2.9 mm thick slices (in-plane resolution 2.9 $ 2.9 mm, interleaved
acquisition) extended axially from the mid-pons to the top of the skull.
Whole-brain functional scans were acquired with a T2*- weighted
gradient pulse sequence (TR ¼ 2 s, TE ¼ 24 ms, ﬂip angle ¼ 77% ,
FOV ¼ 232 mm, matrix size ¼ 80 $ 80). A T1-weighted anatomical scan
was also collected using an axial fast spoiled grass sequence (0.9 mm
isotropic voxels, TR ¼ 7.2 ms, TE ¼ 2.3 ms, ﬂip angle ¼ 12% ) for coregistration of both functional images and diffusion-weighted images,
as well as for volume of interest (VOI) speciﬁcation.
Functional imaging analyses were conducted on functional scans
indexing blood oxygen level dependent signal (hereafter referred to as
“brain activity”) using Analysis of Functional Neural Images (AFNI)
software. For preprocessing, individual subject data were sinc interpolated to correct for non-simultaneous slice acquisition, corrected for
motion in six dimensions, spatially smoothed using a small kernel (full
width at half maximum ¼ 4 mm), and high-pass ﬁltered (omitting frequencies with period slower than 90 s). Visual inspection of motion
correction estimates conﬁrmed that seven subjects' heads had moved
more than 2 mm in a plane from one whole-brain volume acquisition to
the next, and so these were excluded from further analysis.
Whole-brain statistical analyses were performed with regression
models that included regressors of no interest which included: (1) six
regressors that indexed motion across volume acquisitions; (2) two regressors that indexed activity in cerebrospinal ﬂuid and white matter
volumes of non-interest; and (3) three that indexed the anticipation,
target, and outcome periods across all trials. Ten orthogonal regressors of
interest then contrasted: (1) gain versus non-gain anticipation; (2) loss
versus non-loss anticipation; (3) go versus no go target; (4) hit versus
miss motor response (irrespective of target type); (5) the interaction of
gain versus non-gain cue and go versus no go target; (6) the interaction of
loss versus non-loss cue and go versus no go target; (7) the interaction of
gain versus non-gain anticipation, go versus no go target, and hit versus
miss motor response; (8) the interaction of loss versus non-loss anticipation, go versus no go target, and hit versus miss motor response; (9)
gain versus non-gain outcome; and (10) non-loss versus loss outcome.
These mathematically orthogonal regressors of interest were convolved
with a single gamma-variate function that modeled the canonical hemodynamic response (Cohen, 1997) before inclusion in the regression
model. Collinearity analysis of the design matrix conﬁrmed the statistical
independence of the regressors of interest (see Supplementary Fig. 1). For
group statistical maps, individual subjects' t-statistic maps of regressors
of interest were transformed to Z-scores, spatially warped to Talairach
space, and resampled into 2 mm cubic voxels. Group maps were voxelwise thresholded (p < 0.001), and then cluster thresholded (cluster
size > 5 contiguous 2.9 mm cubic voxels) to yield corrected maps for
detecting activity within a gray matter mask (p < 0.05 corrected, derived
with 10,000 Monte Carlo iterations using the program 3dClustSim in
AFNI version AFNI_18.0.25, which automatically estimates spatial
autocorrelation to minimize false positive ﬁndings).
To extract raw activity time courses for targeted analyses, spherical
volumes of interest (VOIs; 8 mm diameter) were centered on bilateral foci
for the NAcc (Talairach coordinates: &10, 12, #2), AIns ( &34, 24, #4),

Diffusion-weighted MRI acquisition
Diffusion-weighted images were acquired on the same 3 T Discovery
Magnetic Resonance 750 scanner (GE Medical Systems, Milwaukee, WI).
A diffusion-weighted, dual spin-echo, echo-planar imaging sequence
(TR ¼ 9600 ms, TE ¼ 97.5 ms, ﬂip angle ¼ 90% , FOV ¼ 240 mm, matrix
size ¼ 120 $ 120) was used to acquire sixty 2 mm-thick slices in 96
different diffusion directions (b ¼ 2500). Ten non-diffusion-weighted
(b ¼ 0) volumes were acquired.
Diffusion-weighted MRI preprocessing
Anatomical landmarks were manually deﬁned in the anterior and
posterior commissures (AC-PC), and the midsagittal plane to guide a
rigid-body transformation that converted the T1-weighted structural
images into AC-PC aligned space. Each diffusion-weighted image was
then registered to the mean of the motion-corrected non-diffusionweighted (b ¼ 0) images. The mean of the non-diffusion-weighted images was aligned to the T1-weighted image in AC-PC space using a rigid
body transformation. Finally, all raw diffusion images were aligned to
AC-PC space by combining motion correction, eddy-current correction,
and anatomical alignment into a single transformation, and then
resampled to 2 mm isotropic voxels. All preprocessing steps were performed using the open-source mrDiffusion package (www.github.com/
vistalab/vistasoft) in MATLAB R2013a (version 8.1.0.604).
Volume of interest (VOI) identiﬁcation
To deﬁne anatomical VOIs to seed for tractography analyses, each
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Diffusion measure calculation

subject's AC-PC aligned T1-weighted image was processed through
FreeSurfer, an automatic segmentation and parcellation software suite
(version 5.3.0; Fischl et al., 2004). NAcc VOIs were identiﬁed from
probabilistic classiﬁcation of subcortical tissue based on a
manually-labeled training set (Desikan et al., 2006). AIns VOIs for the
AIns-NAcc tract were derived from the Destrieux cortical parcellation
atlas, by combining the anterior insula and short gyrus parcellations
(Destrieux et al., 2010; Leong et al., 2016). For the AIns-VLPFC tract, only
the short gyrus parcellation was included in the AIns VOI, since the
Destrieux cortical parcellation of the anterior insula includes part of the
frontal operculum. Thus, tracing tracts between the VLPFC and the
Destrieux cortical parcellation of the anterior insula would erroneously
include ﬁbers that remain in the inferior frontal gyrus, rather than
combining with the uncinate fasciculus before diverging to terminate in
the anterior insula (contrary to tract trajectories described in anatomical
studies of monkeys; Lehman et al., 2011). VLPFC VOIs were derived from
the frontal-orbital parcellation of the Destrieux atlas. The VLPFC VOI is
consistent with the region used in anatomical studies of monkeys (also
identiﬁed as Brodmann area 47; Mufson and Mesulam, 1982; Mesulam
and Mufson, 1982b; Petrides and Pandya, 2001). A binary mask was
formed using the gray versus white-matter border identiﬁed by FreeSurfer to restrict ﬁbers to brain white matter.
Control tracts were also traced to verify the speciﬁcity of predicted
associations between brain structure, brain activity, and behavior. These
control tracts were selected based on their previously-documented associations with response inhibition. Speciﬁcally, the VLPFC-STN tract has
been called the “hyperdirect pathway” based on its role in stopping
ongoing action (as in the Stop Signal Task; Aron et al., 2003). The
preSMA-STN tract has also been implicated in response inhibition (Rae
et al., 2015). The MPFC-NAcc tract was selected based on its role in
guiding incentivized choices and altering NAcc brain activity (Samanez-Larkin et al., 2012; Ferenczi et al., 2016). PreSMA VOIs were deﬁned by
obtaining the superior frontal gyrus parcellation from FreeSurfer, and
longitudinally masking it from the anterior commissure to the genu of the
corpus callosum (Johansen-Berg et al., 2004). STN VOIs were deﬁned by
taking the ventral diencephalon segmentation from FreeSurfer, and
masking a 10 $ 10 $ 10 mm box centered around Talairach coordinates (
&10, #15, #5), following previously-described methods (Aron et al.,
2007). MPFC VOIs (8 mm diameter) were manually placed as described
in previous research (Samanez-Larkin et al., 2012).

After identifying each tract, we quantiﬁed measures of their structural
coherence. Speciﬁcally, diffusion properties of each ﬁber bundle can be
characterized by obtaining mean fractional anisotropy (FA) and mean
diffusivity (MD) for each identiﬁed tract (Basser and Pierpaoli, 1996).
Both FA and MD can vary as a function of fascicle density, axon diameter,
and myelination (Jones et al., 2013; Chang et al., 2017), but while
greater FA typically indexes increased tract coherence, greater MD
instead indexes decreased tract coherence. To assess variation in diffusion properties along each tract's trajectory, we spatially normalized ﬁber
pathways between subjects by sampling 100 evenly-spaced cross-sectional nodes along the ﬁber length of each tract from the starting VOI to
the ending VOI (Yeatman et al., 2012). The mean diffusion metric in each
node was then calculated as an average of each ﬁber's metric in that node,
weighted by the spatial distance of that ﬁber from the node's core ﬁber.
We then averaged each metric across the middle 50% of nodes along each
pathway to ensure that coherence measures exclusively included white
matter but not voxels along the gray versus white-matter boundary.
Indexing tract coherence in the middle half of each tract follows previous
tractography methods, and can minimize the inﬂuence of branching
axons at the end of cortical tracts (Yeatman et al., 2012). This procedure
generated single FA and MD values for each tract in each hemisphere of
every subject. Since greater FA and lesser MD independently index
distinct aspects of increased tract coherence, we inverted MD values (1
minus MD) to facilitate interpretation of ﬁndings. The instructions and
open-source code for assessing these qualities for each tract are available
on GitHub (https://github.com/josiahl/spantracts).
Results
Incentive cues improve go performance, but impair no go performance
Subjects performed better at “go” motor responses for large incentives
than for no incentives (þ/#$5 versus þ/#$0, paired t (39) ¼ 5.40,
p < 0.0001; see Fig. 1), but worse at “no go” motor responses for large
incentives than for no incentives (þ/#$5 versus þ/#$0, paired t
(39) ¼ #4.22, p < 0.001). This behavioral dissociation reliably persisted
across both halves of the task (see Supplementary Fig. 2). Subjects also
performed better at “no go” motor responses to avoid a non-incentivized
loss than a non-incentivized gain (–$0 versus þ$0, paired t (39) ¼ 3.87,
p < 0.001). An omnibus repeated-measures analysis of variance
conﬁrmed the predicted interaction of incentives and inhibition, such
that both gain and loss incentives decreased inhibition performance (see
Table 1).
Accordingly, incentives sped reaction times for both successful go
responses and failed no go responses (paired t (30) ¼ #2.06, p ¼ 0.048;
see also Supplementary Fig. 2). A signal detection analysis revealed that
while incentives did not change the sensitivity to respond to targets (dprime), incentives did reduce (or liberalize) the criterion (c) for
responding to targets, or the threshold for making a response (see Supplementary Fig. 3). Since the criterion was associated with earnings
(r ¼ 0.37, p ¼ 0.02), these ﬁndings suggested that incentives paradoxically induced suboptimal performance in most subjects.
Temporal stability analyses revealed low split-half reliability for go
performance, but moderate split-half reliability for no go performance
(Go: ICC2k ¼ #0.14, p ¼ 0.67; No go: ICC2k ¼ 0.60, p < 0.0001). No go
performance was particularly reliable in high gain trials (þ$5:
ICC2k ¼ 0.56, p ¼ 0.002; –$5: ICC2k ¼ 0.15, p ¼ 0.28; þ$0:
ICC2k ¼ 0.55, p ¼ 0.001; –$0: ICC2k ¼ 0.48, p ¼ 0.02; in which ICC2k
represents the intraclass correlation coefﬁcient for the average measure
of a randomly-selected individual). Since the condition of interest
showed high reliability, we focused our analyses on incentivized inhibition (or þ$5 no go) trials to examine whether brain structure and
function could account for individual differences in performance (see
Supplementary Table 1 as well as Supplementary Table 2 for analyses

Probabilistic tractography
Fiber tracking between VOIs (AIns-NAcc, Ains-VLPFC, VLPFC-STN,
and preSMA-STN) was performed using constrained spherical
deconvolution-based probabilistic tracking, as implemented in the Mrtrix
software (version 0.2.12; Tournier et al., 2007). The maximum number of
harmonics was set to ten (Lmax ¼ 10), which deﬁned the maximum
number of deconvolution kernels utilized by constrained spherical
deconvolution to estimate the ﬁber orientation distribution function in
each voxel. Fiber pathways were generated by randomly seeding a voxel
in a starting VOI and tracking until the ﬁber reached the ending VOI
(number ¼ 5,000,000, maxnum ¼ 5000). Start and end VOIs were seeded
randomly to ensure symmetrical ﬁber tracking. Fibers leaving the
white-matter volume were terminated and discarded. The MPFC-NAcc
tract was traced using previously-described methods (Sherbondy et al.,
2008; Samanez-Larkin et al., 2012; Leong et al., 2016).
Fibers obtained from the tractography solutions were then reduced to
core ﬁber bundles by eliminating outliers and anatomically unlikely
pathways (e.g., ﬁbers crossing the cerebral hemispheres, or crossing
through cerebrospinal ﬂuid). Speciﬁcally, ﬁbers longer than 2 standard
deviations from the mean ﬁber length were initially removed. Next, ﬁbers greater than 3 standard deviations away from the mean spatial position of the core ﬁber (Mahalanobis distance) were removed. Finally,
ﬁbers that took indirect routes between VOIs were removed (e.g., those
that projected in one direction but then looped backward).
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responses to no go targets, but increased right NAcc activity in response
to þ$5 cues instead predicted failure to inhibit responses to no go targets
(see Table 2). Increased right MPFC activity during anticipation also
predicted successful response inhibition to no go targets across all
incentive conditions. Models that included left hemisphere VOI activity
did not improve model ﬁt, and addition of left hemisphere VOI terms did
not reduce the right hemisphere effects, suggesting sufﬁciency of models
containing only right hemisphere activity (see Supplementary Table 4).
Models that included activity from caudate and anterior cingulate control
VOIs also did not diminish the observed effects (see Supplementary
Table 4). A conﬁrmatory analysis substituting alternative VOI speciﬁcations yielded similar results (i.e, with VOIs derived from the Desai
probabilistic atlas which better approximated subject-speciﬁc VOIs used
in tractography analyses; see Supplementary Table 4). Right AIns and
NAcc VOI activity did not predict performance in other incentive cue or
motor target conditions, unlike MPFC activity, which predicted increased
response inhibition across all conditions (see Supplementary Table 5).
Right VLPFC activity alone in response to targets did not predict
incentivized inhibition performance on a trial-to-trial basis (see Table 2).
Right VLPFC activity did predict successful response inhibition on a trialto-trial basis, however, after including activity from control VOIs (see
Supplementary Table 4). Further, individual differences in average right
VLPFC activity in response to no go targets were also associated with
better incentivized inhibition performance (β ¼ 0.42, t (38) ¼ 2.84,
p ¼ 0.007). The central coordinates of this VLPFC VOI (Talairach: 45, 30,
0) were also labeled in the Tourneaux-Talairach atlas as Brodmann area
47, consistent with individually seeded VOIs in the diffusion tractography analyses presented below, as well as tracings of connections between the AIns and VLPFC in previous anatomical studies of monkeys
(Mufson and Mesulam, 1982; Mesulam and Mufson, 1982b; Petrides and
Pandya, 2001). While this localization of VLPFC activity is consistent
with anatomical studies, its coordinates are ventral to those described in
other neuroimaging studies using inhibitory tasks (such as the stop-signal
task; Aron and Poldrack, 2006; Aron et al., 2007). We next examined
whether white-matter tracts connecting the AIns and VLPFC and AIns and
NAcc could be identiﬁed, and tested whether measures of their coherence
might be associated with incentivized inhibition performance.

Table 1
Behavioral performance in the MIDI Task.
Contrast

Coefﬁcient

Standard
error

t-value

p-value

Gain > loss
$5 > $0
No go > go
Gain $5/loss $0 > loss $5/gain
$0
Gain no go/loss go > gain go/
loss no go
$5 no go/$0 go > $5 go/$0 no
go
Gain $5 no go/gain $0 go/loss
$5 go/loss $0 no go > Gain $5
go/gain $0 no go/loss $5 no
go/loss $0 go

#0.001
0.003
0.146
0.011

0.009
0.009
0.009
0.009

#0.150
0.389
16.794
1.227

0.881
0.697
<0.001
0.221

#0.015

0.009

#1.766

0.078

#0.058

0.009

#6.616

<0.001

0.013

0.009

1.527

0.128

A two (incentive cue valence: gain versus loss) by two (incentive cue magnitude:
$5 versus $0) by two (target response requirement: “go” versus “no go”) repeated
measures analysis of variance was conducted on behavioral performance during
the MIDI Task. Planned contrasts for incentives compared gain versus loss conditions (þ1 versus #1) and $5 versus $0 conditions (þ1 versus #1). The contrast
for motor response was set as #1 for “go” versus þ1 for “no go”. The full model
signiﬁcantly accounted for behavioral performance (adjusted R2 ¼ 0.51, F
(7,312) ¼ 47.56, p < 0.001). Predicted contrasts indicated that subjects performed better overall in response to no go targets than in response to go targets
(t ¼ 16.79, p < 0.001). Incentive cues and motor response targets interacted,
such that both gain and loss incentives decreased “no go” performance
(t ¼ #6.62, p < 0.001).

that depict these associations across all conditions).
Right AIns and VLPFC activity promotes but NAcc activity prohibits
incentivized inhibition performance
To verify brain activity associated with incentive cue and inhibition
target manipulations, we contrasted whole brain activity (1) when individuals anticipated gains of þ$5 versus þ$0 during cue presentation;
(2) when individuals were presented with a go versus no go target during
target presentation; and (3) the interaction of gain versus non-gain
anticipation and go versus no go targets during target presentation.
Whole brain statistical maps revealed robust activity in mesolimbic
dopamine projection targets when individuals anticipated a þ$5 versus
þ$0 gain (see Fig. 2). In contrast, right VLPFC showed increased activity
in response to presentation of no go versus go targets. Finally, the
interaction of these effects robustly activated bilateral dorsolateral prefrontal cortex (DLPFC), such that activity was greatest for trials in which
þ$5 cues preceded no go targets (see Fig. 2 and Supplementary Table 3).
Subjects participated in the MIDI task immediately after completing a
Monetary Incentive Delay (or MID) task that lacked the response inhibition requirement of the MIDI task (Knutson et al., 2001). This allowed
us to directly compare whether brain activity associated with anticipation of incentives might decrease in the context of response inhibition
demands, and also to test whether behavioral performance and brain
activity in the MID task could account for ﬁndings in the MIDI task.
Analyses indicated that while anticipatory activity did not diminish in
the MIDI versus the MID task, behavioral performance and brain activity
during the MID task could not account for incentivized inhibition performance during the subsequent MIDI task (see Supplementary Fig. 5).
We next examined whether brain activity during incentive anticipation could predict subsequent behavioral responses to inhibition targets
within subjects on a trial-to-trial basis. To do so, we extracted peaklagged FMRI activity from predeﬁned volumes of interest (VOIs) during the incentive cue and anticipation periods of each trial (see Materials
and Methods). AIns and NAcc activity during incentive cue presentation
were entered into logistic regressions that predicted trial-to-trial successful response inhibition for þ$5. As predicted, increased right AIns
activity in response to þ$5 cues predicted successful inhibition of

Structural right AIns-VLPFC and AIns-NAcc tract coherence is associated
with incentivized inhibition performance
We performed probabilistic tractography on DWI data to identify
novel white-matter tracts connecting the AIns and the VLPFC, as well as
the AIns and the NAcc (see Fig. 3). Next, we statistically validated evidence for each tract's existence using a virtual lesion method (see Supplementary Fig. 6; Pestilli et al., 2014). Next, to quantify each tract's
coherence, we extracted fractional anisotropy (FA) and mean diffusivity
(MD) measures based on a standard tensor model (Basser and Pierpaoli,
1996). Since greater FA and lesser MD can independently index aspects of
increased tract coherence, we inverted MD values (1 minus MD) to
facilitate interpretation of the results. FA and MD proﬁles were plotted
along the trajectory of each tract in each hemisphere in every subject, and
then averaged across the middle 50% portion of each tract's proﬁle to
generate indices of tract coherence (see Materials and Methods).
Coherence of the right AIns-VLPFC tract (inverse MD) was associated
with incentivized inhibition performance when both tract coherence
measures (FA and inverse MD) were included in the regression model
(AIns-VLPFC FA: β ¼ #0.04, t (37) ¼ #0.23, p ¼ 0.82; AIns-VLPFC inverse MD: β ¼ 0.39, t (37) ¼ 2.58, p ¼ 0.01; all coefﬁcient estimates are
standardized). Coherence of the AIns-NAcc tract (FA) was also associated
with incentivized inhibition performance in a similar model (AIns-NAcc
FA: β ¼ 0.33, t (37) ¼ 2.23, p ¼ 0.03; AIns-NAcc inverse MD: β ¼ 0.28, t
(37) ¼ 1.91, p ¼ 0.06). Pairwise correlations speciﬁcally revealed that
coherence of the right AIns-VLPFC tract was associated with increased
inhibition for high gains (AIns-VLPFC inverse MD: β ¼ 0.39, t
(38) ¼ 2.62, p ¼ 0.01); and that coherence of the right AIns-NAcc tract
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Fig. 2. Brain activity associated with incentive cues and inhibitory targets in the Monetary Incentive Delay Inhibition (MIDI) task. (A) Contrast maps depict
main effects of anticipating gains versus non-gains (Gain ant), go versus no go target presentation (Go/no go), and their interaction (Gain ant X Go/no go) on brain
activity. Warm colors indicate increased activity while cool colors indicate decreased activity for relevant contrasts (S ¼ superior; A ¼ anterior; R ¼ right). Maps were
thresholded voxelwise p < 0.001, and cluster corrected p < 0.05 (see Materials and Methods; see also Supplementary Fig. 4 for equivalent contrast maps for monetary
loss conditions). (B) Averaged activity time courses extracted from volumes of interest show greater right NAcc activity during anticipation of gain versus non-gain,
greater right VLPFC activity in response to no go versus go targets, and greater right DLPFC activity in response to no go targets following gain anticipation. White bars
highlight trial phases predicted to show differential activity. NAcc activity did not differ prior to presentation of go versus no go targets, suggesting that it did not
reﬂect differential motor preparation (see Supplementary Fig. 4; see also Supplementary Fig. 5 for comparison of NAcc activity in the Monetary Incentive Delay task
without an inhibition component; Knutson et al., 2001).

coherence metrics of control tracts also did not diminish these effects (see
Supplementary Fig. 6 and Supplementary Table 6). Further, AIns-VLPFC
and AIns-NAcc tract coherence metrics were not associated with behavioral performance in any other condition (see Supplementary Table 1 for
full regression results).

was also associated with increased inhibition for high gains (AIns-NAcc
FA: β ¼ 0.37, t (38) ¼ 2.48, p ¼ 0.02). Both of these associations survived
correction for testing associations between two indices of tract coherence
(i.e., FA and inverse MD) and behavior (corrected threshold p ¼ 0.025).
Measures of coherence of both tracts remained signiﬁcantly associated
with incentivized inhibition performance after including them the same
model, suggesting that these measures indexed distinct aspects of
incentivized inhibition (AIns-VLPFC inverse MD: β ¼ 0.36, t (37) ¼ 2.51,
p ¼ 0.02; AIns-NAcc FA: β ¼ 0.34, t (37) ¼ 2.38, p ¼ 0.02). Bootstrapped
correlations (n ¼ 10,000) conﬁrmed the robustness of both the association between right AIns-VLPFC tract coherence and incentivized inhibition performance (95% conﬁdence interval: 0.40, 7.02), and the
association between AIns-NAcc tract coherence and incentivized inhibition performance (95% conﬁdence interval: 0.22, 2.66). Controlling for
age and coherence of left hemisphere tracts did not diminish these effects
(see Supplementary Table 6, and Materials and Methods). Controlling for

Functional brain activity mediates the association of structural tract
coherence with incentivized inhibition behavior
Individual differences in right VLPFC activity could statistically account for the association of right AIns-VLPFC tract coherence with
incentivized inhibition performance (see Fig. 4). Results from a bootstrapped path analysis model (number of bootstraps ¼ 10,000) indicated
that right AIns-VLPFC tract coherence was associated with greater right
VLPFC activity during þ$5 cue no go responses (β ¼ 0.42, p ¼ 0.009),
and that greater right VLPFC activity was associated with successful
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Table 2
Brain activity predicts trial-to-trial incentivized inhibition performance.
Variable

Function only

Structure and
function

Structure $ function
interaction

Previous trial go
success
Previous trial no
go success
R NAcc cue

0.99 (0.25,
0.25)
#0.19 (#0.06,
0.29)
#2.01*
(#0.65, 0.33)
2.55* (0.82,
0.33)
3.92*** (0.83,
0.21)
0.67 (0.15,
0.22)
#0.61 (#0.23,
0.38)

0.96 (0.24,
0.25)
#0.24 (#0.07,
0.29)
#1.90 (#0.62,
0.35)
2.47* (0.78,
0.32)
3.94*** (0.83,
0.21)
0.64 (0.14,
0.22)
#0.84 (#0.32,
0.38)
2.36* (6.98,
2.96)

1.10 (0.28, 0.25)

R AIns cue
R MPFC
anticipation
R VLPFC target
R DLPFC target
R AIns-NAcc FA
R NAcc*AInsNAcc FA
R AIns*AIns-NAcc
FA
Pseudo R2
AIC
LOOCV %

#0.25 (#0.07, 0.30)
#2.71** (#4.66, 1.72)
#0.97 (#1.69, 1.75)
3.80*** (0.81, 0.21)
0.72 (0.16, 0.23)
#0.83 (#0.33, 0.39)
2.43* (7.70, 3.17)
2.39* (18.08, 7.56)
1.44 (11.49, 7.96)

0.16
557
71.5%

0.17
554
69.6%

0.23
545
71.9%

Z-scores with coefﬁcient estimates and SE in parentheses. ***p < 0.001,
**p < 0.01,*p < 0.05.
Logistic regression models (which included subjects as random effects) used
brain VOI activity during incentive cue, anticipation, and target presentation trial
phases to predict successful inhibition in response to high gain cues (þ$5) on a
trial-to-trial basis. Models controlled for response success in the previous trial
(successful go or successful no go). The model including brain structure improved
model ﬁt, based on pseudo R2, AIC, and a likelihood-ratio test of nested models
(χ2 (2) ¼ 12.44, p ¼ 0.002). Leave-one-subject-out cross validation veriﬁed that
the models could predict trial-to-trial behavior in held-out subjects, and indicated that including an interaction term of brain structure and brain function did
not induce overﬁtting. Models including left hemisphere tract coherence and VOI
activity did not improve model ﬁt, supporting the sufﬁciency of the right
hemisphere-only model (see Supplementary Table 4). Inclusion of activity from
control VOIs (i.e., in the caudate and anterior cingulate) also could not account
for the observed effects (see Supplementary Table 4).

incentivized inhibition performance (β ¼ 0.31, p ¼ 0.04). Including the
indirect effect of right VLPFC activity reduced the direct association of
right AIns-VLPFC tract coherence with successful incentivized inhibition
performance to non-signiﬁcance (β ¼ 0.26, p ¼ 0.17), consistent with
statistical mediation. Bootstrapped estimates of the indirect effect
(number of bootstraps ¼ 10,000) indicated a signiﬁcant effect from
structural tract coherence to functional activity to incentivized inhibition
behavior (95% conﬁdence interval: 0.04, 0.29). An alternative mediation
model in which incentivized inhibition behavior instead mediated the
effect of structural tract coherence on functional activity achieved the
same model ﬁt as the original model, but the indirect effect in this model
was not statistically signiﬁcant (95% conﬁdence interval: #0.24, 0.02;
see Supplementary Table 7). While this alternative model did not statistically differ from the original model overall, the original model better
captured our causal prediction that brain structure should inﬂuence brain
function, which should then inﬂuence behavior. No other combination of
brain structure and function showed a similarly signiﬁcant pattern of
associations (see Supplementary Table 7).
To verify that right AIns-VLPFC tract coherence was associated with
increased right VLPFC activity speciﬁcally during incentivized inhibition
trials, we conducted a repeated-measures multivariate analysis of variance. Results revealed that right AIns-VLPFC tract coherence was associated with right VLPFC activity across all task conditions (F
(1,38) ¼ 6.91, p ¼ 0.01), but also that right VLPFC activity differed across
task conditions (F (7,266) ¼ 2.36, p ¼ 0.02). This analysis did not reveal
a signiﬁcant interaction, however, between right AIns-VLPFC tract

Fig. 3. Characterization of white-matter tracts and associations with
behavior. (A) Right hemisphere tracts for a representative subject. The AInsVLPFC tract exits the extreme capsule and travels with the uncinate fasciculus
before entering the inferior frontal gyrus. The AIns-NAcc tract travels along the
lateral-medial axis within the subcaudate white matter (see Supplementary
Fig. 7 for additional tract visualizations; Leong et al., 2016). (B) Tract coherence
proﬁles for the bilateral AIns-NAcc and AIns-VLPFC tracts. Fractional anisotropy
(FA) and mean diffusivity (MD) are plotted at 100 cross sections from tract
beginning to end. Mean values across subjects are displayed with standard errors
(solid lines indicate the right hemisphere tract while dashed lines indicate the
left). Mean FA and mean MD were obtained for each subject by averaging across
the middle 50% of the tract in each hemisphere. Greater FA indicates increased
tract coherence, but lesser MD indicates increased tract coherence. Measures of
coherence in both tracts exhibited high test-retest reliability in a separate
sample (see Supplemental Fig. 7). (C) Associations of tract coherence metrics
with incentivized inhibition performance. Greater coherence of both the right
AIns-VLPFC tract (inverse MD) and AIns-NAcc tract (FA) were associated with
increased incentivized inhibition performance (AIns-VLPFC inverse MD:
β ¼ 0.39, t (38) ¼ 2.62, p ¼ 0.01; AIns-NAcc FA: (β ¼ 0.37, t (38) ¼ 2.48,
p ¼ 0.02). Controlling for coherence of control tracts did not alter observed
associations of tract coherence with behavior (see Supplementary Fig. 6 and
Supplementary Table 6).
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modulate VLPFC and NAcc activity in opposite directions to promote
incentivized inhibition. Thus, while previous accounts of response inhibition have traditionally focused on the VLPFC, the current ﬁndings
centrally implicate the upstream AIns as an important headwater for
strengthening inhibition in the face of incentives.
To independently manipulate incentive anticipation and response
inhibition on each trial, we developed a novel task (i.e., the “Monetary
Incentive Delay Inhibition” or MIDI Task) in which individuals were
instructed either to respond or not to respond to a motor target in order to
obtain previously-cued monetary gains or avoid losses. As predicted, we
found increased activity in mesolimbic circuits including the NAcc and
AIns in response to incentive cues, but increased activity in cortical circuits including the VLPFC and DLPFC in response to inhibitory targets.
Activity in these predicted regions combined to promote incentivized
inhibition, such that NAcc activity decreased whereas AIns activity
increased incentivized inhibition performance. These ﬁndings are
consistent with the notion that while uncertain incentives may recruit
many brain circuits, activity in different regions can have divergent implications for subsequent approach versus avoidance behavior (Knutson
and Greer, 2008; Palminteri et al., 2012; Knutson and Huettel, 2015).
The MIDI task offers a new tool for dissociating neural and psychological processes that support incentivized inhibition by potentially distinguishing the motivation to obtain incentives from the inhibition of
relevant motor responses. These ﬁndings suggest that AIns projections
may diminish NAcc activity to prohibit appetitive impulses, while at the
same time enhancing VLPFC activity to promote motor inhibition.
Further, the timing of this predictive brain activity suggested that AIns
responses to incentive cues preceded and so might modulate VLPFC responses to inhibitory targets. This temporal sequence is consistent with
frameworks in which anticipatory affect precedes and can therefore
modify subsequent processes related to value integration and motivation
(Samanez-Larkin and Knutson, 2015), including inhibition of motor responses (Menon and Uddin, 2010). The temporal resolution of FMRI is
limited, however, so other more invasive methods (e.g., electrophysiology) might better test temporal accounts only suggested by FMRI data.
Future research might further causally establish the directionality of
control between AIns and VLPFC circuits, and perhaps even structurally
and functionally link them to additionally implicated DLPFC circuits.
In the current research, the MIDI Task was administered immediately
after a more extensively-characterized incentive task (i.e., the MID task;
Knutson et al., 2001) to potentiate a tendency towards motor responding.
It is not clear whether such a procedure is necessary, or whether the MIDI
task could be administered alone. Sequential ordering did afford direct
comparison of neural responses to incentive cues across both tasks.
Reassuringly, incorporating the motor inhibition component into the
MIDI task did not quench neural responses to incentive cues – in fact,
incentivized neural signals remained comparable or even slightly larger
in the MIDI versus the MID task (see Supplementary Fig. 5). Further,
neither behavioral performance nor brain activity in the preceding MID
task could account for incentivized inhibition performance in the subsequent MIDI task, suggesting that the MIDI task could provide a
uniquely informative neural probe of incentivized inhibition. Additional
preregistered research will be necessary to establish whether the MIDI
task can be administered alone, or must follow the MID task to invoke an
interaction between incentives and inhibition.
With respect to behavior, the MIDI task is designed to present equal
numbers of go and no go response targets (unlike traditional response
inhibition tasks) in order to equally probe neural circuits that both
incentivize and inhibit responses within the same task. Recent research
suggests that in more traditional response inhibition tasks, equally
balancing go and no go targets might reduce prepotent motor activity
(e.g., Wessel, 2017), making responses more like considered choices than
inhibited impulses. One implication of such a “considered choice” account is that incentives should slow responses. In the MIDI task, however,
incentives helped “go” responses but hindered “no go” performance –
apparently by speeding reaction times for both successful go and

Fig. 4. Right VLPFC activity mediates the association of AIns-VLPFC structure
with incentivized inhibition behavior. A mediation model tested whether AInsVLPFC tract coherence could facilitate successful incentivized inhibition performance by promoting VLPFC activity. Right AIns-VLPFC tract coherence was
associated with greater right VLPFC activity during þ$5 cue no go responses
(β ¼ 0.42, p ¼ 0.01), and greater right VLPFC activity was associated with
increased incentivized inhibition performance (β ¼ 0.31, p ¼ 0.04). Including
the indirect effect of VLPFC activity decreased the direct association of AInsVLPFC tract coherence with incentivized inhibition performance to nonsigniﬁcance (β ¼ 0.26, p ¼ 0.17), consistent with statistical mediation. Control combinations of brain structure and function did not yield the same pattern
of associations (see Supplementary Table 7).

coherence and experimental condition on right VLPFC activity (F
(7,266) ¼ 1.59, p ¼ 0.14), suggesting that right AIns-VLPFC tract coherence was associated with right VLPFC activity across task conditions,
although this activity may have been higher in the incentive conditions
($5 versus $0 right VLPFC activity: paired t (39) ¼ 2.37, p ¼ 0.02; see
Supplementary Table 2).
As with AIns-VLPFC tract analyses, including right AIns-NAcc tract
coherence with functional activity in trial-to-trial prediction of incentivized inhibition performance improved the model's ﬁt, and this
extended model further predicted individual differences in incentivized
inhibition in leave-one-subject-out cross validation (see Table 2). Again,
increased right NAcc activity predicted reduced incentivized inhibition,
but interestingly, modeling the interaction of right AIns-NAcc tract
coherence with right NAcc activity revealed an interaction of right AInsNAcc tract coherence with right NAcc activity to predict successful inhibition, consistent with an account in which AIns-NAcc tract coherence
dampens NAcc activity to diminish approach behavior during incentivized inhibition (Leong et al., 2016).
Discussion
To characterize brain circuits that support incentivized inhibition, we
combined a novel behavioral task with functional and structural neuroimaging. Behaviorally, incentives improved motor “go” responses, but
impaired “no go” responses. Functionally, opposing patterns of brain
activity in the right AIns and NAcc during anticipation of incentives
predicted incentivized inhibition performance. Structurally, the coherence of a novel white-matter tract connecting the right AIns and VLPFC
could account for individual differences in incentivized inhibition performance, as could the coherence of a tract connecting the right AIns and
NAcc. A multimodal model integrating these ﬁndings revealed that
greater right VLPFC activity statistically mediated the association of right
AIns-VLPFC tract coherence with incentivized inhibition performance.
These ﬁndings link previously disparate bodies of research on incentive
anticipation and response inhibition to suggest that AIns projections can
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methods for combining these multimodal probes to predict behavior on a
trial-to-trial basis are lacking. While measures of brain structure can
assess differences between individuals, measures of brain activity can
better track second-to-second variability within individuals. In future
research, structural measures might inform priors which can then
constrain and sharpen functional measures (Grosenick et al., 2013).
Although theorists have recently suggested that structural connectivity
implies functionally correlated activity (Honey et al., 2009), in the current research, functional correlations of activity in connected regions of
interest did not signiﬁcantly vary by experimental condition, and were
also not associated with task performance (see Supplementary Fig. 8).
Links between structure and function may eventually reveal more speciﬁc physiological principles that can clarify how structural projections
support functional signaling between brain regions, and also might
highlight circuit targets for causal manipulations using precise techniques in animal models (Ferenczi et al., 2016; Stauffer et al., 2016).
Thus, by bridging brain structure and function, researchers might build
more constrained but complete models of how neuroimaging signals ﬂow
through interconnected circuits to promote behavior (Haber and Knutson, 2010; Chang et al., 2013; Samanez-Larkin and Knutson, 2015).
By linking levels of analysis, research might inspire more targeted
interventions for psychiatric symptom proﬁles related to poor incentivized inhibition, including drug addiction and impulse control disorders
(Koob and Volkow, 2010). The present ﬁndings ﬁt with observations that
right VLPFC white matter coherence is diminished in individuals who
have abused stimulants – and that these individuals also show performance deﬁcits in response inhibition (Ersche et al., 2012). Perhaps their
symptomatic deﬁcits in response inhibition are most pronounced
particularly when they should not be – in the face of signiﬁcant incentives. These ﬁndings further imply that anticipatory affect can
modulate motor output – both when that output should be promoted but
also when it must be prohibited. By tracking multimodal changes in the
structure and function of incentivized inhibition circuits over time, researchers might better understand how people can not only lose but also
eventually gain control over even the most powerful of impulses.

unsuccessful no go responses (see Supplementary Fig. 2). Signal detection analyses conﬁrmed that incentives had a suboptimal impact on
performance, since incentive-induced decreases in response criterion
were correlated with reduced task earnings overall (see Supplementary
Fig. 3). Incentive-elicited brain activity also increased similarly prior to
the subsequent appearance of go versus no go targets, suggesting that
anticipatory activity did not solely index motor preparation (see Supplementary Fig. 4).
With respect to brain function, recently-developed response inhibition neuroimaging tasks have varied incentives as well as inhibition
demands, but have not separately manipulated incentive and inhibition
instructions on a trial-to-trial basis (e.g., Leotti and Wager, 2010; Guitart-Masip et al., 2012). For instance, a relevant learning task tested an
ethological account in which gain incentives potentiate go responses, but
loss incentives instead potentiate no go responses (Guitart-Masip et al.,
2012). In the present research, however, both gain and loss incentives
enhanced go responses while impairing no go responses. These different
results may depend on task design. In the dynamic learning task
described above, incentive and inhibitory instructions were simultaneously presented during the cue period, whereas in the current static
MIDI task, incentive cues reliably preceded inhibitory targets. Similarly,
eye movement tasks have presented both incentive and inhibitory instructions during the cue period, but ﬁnd that incentives promote rather
than prohibit inhibitory responses (e.g., Jazbec et al., 2006). Although
different designs may yield divergent results, the MIDI task clearly and
reproducibly elicits conditions under which incentives can impair
inhibitory performance, in sharp contrast to standard economic accounts
in which incentives should increase optimal performance (Ariely et al.,
2009). This reliable elicitation of incentivized inhibition may position
the MIDI task as a useful probe of behavior and brain function in the
context of impulse control disorders.
With respect to brain structure, predictions inspired by comparative
neuroanatomical research not only guided the present attempts to
replicate evidence for a tract connecting the AIns to the NAcc, but also to
further characterize a novel tract connecting the AIns and the VLPFC.
While the coherence of both tracts was associated with individual differences in incentivized inhibition performance, different coherence
metrics were related to behavior in the two tracts. Conceptually
extending previous work on preferences against lottery-like (or positively-skewed) gambles, fractional anisotropy (FA) of the right AIns-NAcc
tract positively correlated with individual differences in incentivized
inhibition performance (whereas inverse MD only showed a trend towards this association; Leong et al., 2016). For the right AIns-VLPFC
tract, however, inverse mean diffusivity (MD) positively correlated
with individual differences in incentivized inhibition performance (but
not FA). The AIns-VLPFC tract travels closer to the cerebral cortex, which
might involve more complex or numerous ﬁber crossings (Vos et al.,
2010). This association is also consistent with previous evidence that
white matter coherence near the tract's VLPFC projection terminal correlates with functional brain activity and performance in a response inhibition task (Forstmann et al., 2008). Histological comparative research
might eventually clarify why different tract coherence metrics correlate
with brain activity and behavioral performance in distinct circuits.
Importantly, the observed associations were speciﬁc to the predicted
tracts and did not extend to qualities of other potentially relevant tracts,
including tracts traditionally associated with motor inhibition (e.g., those
connecting the pre-supplementary motor area (preSMA) and subthalamic
nucleus (STN), MPFC and NAcc, or VLPFC and STN; see full characterization in Materials and Methods, Supplementary Fig. 6, and Supplementary Table 6). Recent primate tract tracing studies suggest that
projections from parietal cortex and more posterior ventrolateral cortex
converge in the striatum (Choi et al., 2017), but these join in more dorsal
zones than ventral striatal targets explored in the current research (i.e.,
near the NAcc).
Technical advances continue to increase the spatial and temporal
resolution of neuroimaging probes of brain structure and function, but
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Supplementary Figure 1. Statistical collinearity analyses of regressors of interest in
whole brain analysis
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A representative design matrix of a single subject, which also includes eleven regressors of no
interest for six axes of motion, control activity in cerebrospinal fluid and white matter, and period
regressors for incentive anticipation, target response, and trial outcome. Collinearity analysis of
the experimental design matrix verifies the independence of the regressors of interest (outlined
in black in the correlation matrix). Importantly, the regressor for go versus no go targets was
statistically independent of both gain versus non-gain anticipation (r = –0.001) and loss versus
non-loss anticipation (r = 0.004), consistent with the balanced factorial design of the MIDI task.

1

Supplementary Figure 2. Split-half and reaction time analyses of behavioral performance.

(A) Incentives improved motor "go" performance and impaired inhibitory "no go" performance in
both halves of the experiment (+/–$5 versus +/–$0 go first half: paired t(39) = 3.41, p = 0.002;
second half: paired t(39) = 5.15, p < 0.0001; +/–$5 versus +/–$0 no go first half: paired t(39) = 3.65, p < 0.001; second half: paired t(39) = –3.61, p < 0.001). However individuals' performance
improved during the second half of the experiment, particularly for inhibition (+/–$5 go: paired
t(39) = –2.24, p = 0.03; +/–$5 no go: paired t(39) = 4.20, p < 0.001; +/–$0 go: paired t(39) =
0.46, p = 0.65; +/–$0 no go: paired t(39) 4.11, p < 0.001). An adaptive algorithm dynamically
adjusted the reaction time necessary to achieve a targeted 66% hit rate within “go” conditions,
but not “no go” conditions (which might account for improvement during the second half of the
task in "no go" conditions).
Since improvements in inhibitory performance during the second half of the task were not
predicted, we separately tested associations between incentivized inhibition performance and
individual differences in brain measures for each half of the task. Right AIns-NAcc tract
coherence (FA) was associated with first half incentivized inhibition performance at trendwise
significance ( = 0.31, t(38) = 1.99, p = 0.054), and was significantly associated with second half
performance ( = 0.33, t(38) = 2.15, p = 0.038). Right AIns-VLPFC tract coherence (1-MD) was
not significantly associated with first half performance ( = 0.18, t(38) = 1.12, p = 0.27), but was
significantly associated with second half performance ( = 0.51, t(38) = 3.68, p < 0.001). During
both halves of the task, incentivized inhibition was associated with right VLPFC functional
activity (first half: = 0.33, t(38) = 2.18, p = 0.036; second half: = 0.38, t(38) = 2.56, p =
0.015).
(B) Incentives sped reaction times for both successful "go" responses and unsuccessful “no go”
responses across all conditions (paired t(30) = –2.06, p = 0.048). Within each condition, reaction
times were slower when individuals failed to inhibit responses than when the individuals
successfully responded to "go" targets (+$5: paired t(38) = 3.11, p = 0.004; –$5: paired t(38) =
2.89, p = 0.006; +$0: t(34) = 2.38, p = 0.023; –$0: t(31) = 2.07, p = 0.047). Different degrees of
freedom in each paired t-test resulted in different numbers of subjects with reaction time data for
each relevant condition.
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Supplementary Figure 3. Signal detection theory analysis of behavior

(A, B) Signal detection analysis was conducted on the behavioral performance data for
incentivized (+/–$5) and non-incentivized trials (+/–$0). Incentives did not influence sensitivity of
responding (d-prime; paired t(39) = –0.75, p = 0.46); but did decrease the criterion (c) for
responding (thus lowering the response threshold; paired t(39) = –5.12, p < 0.001).
(C, D) Both increased sensitivity and increased criterion for incentivized trials were associated
with greater earnings in the MIDI Task (d-prime: r = 0.75, p < 0.001; c: r = 0.37, p = 0.02).
Since increased criterion indicates a higher threshold for performing a “go” response and is also
associated with greater earnings, these findings suggest that incentives decreased the
response threshold, and so reduced subjects’ earnings in the MIDI Task.
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Supplementary Figure 4. Brain activity for loss incentive trials.

(A) Contrast maps depict the main effects of anticipating losses versus non-losses (Loss ant),
go versus no go responses (Go / no go), and their interaction (Loss ant X Go / no go) on brain
activity. Warm colors indicate increased activity while cool colors indicate decreased activity for
relevant contrasts (R = right; A = anterior; S = superior). Maps were thresholded voxelwise p <
0.001, and cluster corrected p < 0.05, as in the main text.
(B) Averaged activity time courses extracted from volumes of interest show increased NAcc
activity during anticipation of loss versus non-loss, and greater right VLPFC activity in response
to no go versus go targets.
(C) Averaged activity time courses extracted from volumes of interest show increased NAcc
activity for gain versus loss anticipation cues, but no difference in response to presentation of
"go" versus "no go" targets (+$5: paired t(39) = 0.28, p = 0.78; +$0: paired t(39) = –1.36, p =
0.18; –$5: paired t(39) = 0.07, p = 0.94; –$0: paired t(39) = –0.12, p = 0.91), indicating that
NAcc anticipatory activity responded to incentive cues but not inhibitory targets.
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Supplementary Figure 5. Comparison of incentive-elicited brain activity in the MID versus
MIDI Tasks.

(A) Whole-brain maps (z-score transformed) contrasting anticipation of large gains versus nongains (Gain ant), and large losses versus non-losses (Loss ant) during the monetary incentive
delay (MID) task (performed immediately before the MIDI task). MID contrast maps reveal
similar patterns of brain activity as equivalent contrasts in the MIDI task (see Figure 2 and
Supplementary Figure 4). Maps were thresholded as in the main text for the MIDI task,
voxelwise p < 0.001, with a minimum cluster size of five 3 mm cubic voxels (S = superior; A =
anterior; R = right).
(B) Activity time courses extracted from NAcc VOIs (as described in the main text) during gain
anticipation were similar across MID and MIDI Tasks (gain both NAcc: paired t(39) = 0.86, p =
0.39; loss both NAcc: paired t(39) = 3.14; p = 0.003).
Behavioral performance and functional activity in the MID task were not significantly associated
with incentivized inhibition performance in the MIDI task (+$5 MID hit rate: = –0.28, t(38) = –
1.83, p = 0.08; –$5 MID hit rate: = –0.22, t(38) = v1.39, p = 0.17; +$5 NAcc: = 0.09, t(38) =
0.53, p = 0.60; –$5 NAcc: = 0.20, t(38) = 1.27, p = 0.21; +$5 AIns: = 0.02, t(38) = 0.10, p =
0.92; –$5 AIns: = 0.19, t(38) = 1.20, p = 0.24; +$5 VLPFC: = –0.07, t(38) = –0.44, p = 0.6 ; –
$5 VLPFC: = 0.06, t(38) = 0.38, p = 0.71). However, individual differences in successful go
performance to avoid losing $5 and to avoid losing $0 in the MID task were positively associated
with performance in equivalent conditions in the MIDI task, although only the second association
passed corrected significance thresholds for multiple tests (–$5 go: = 0.32, t(38) = 2.06, p =
0.047; –$0 go: = 0.46, t(38) = 3.15, p = 0.003; * p < 0.05).
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Supplementary Figure 6. Tracing and validation of control tracts.
(A) Control tracts were
traced between the
presupplementary motor
area (preSMA) and the
subthalamic nucleus
(STN), VLPFC and STN,
and MPFC and NAcc.
The preSMA-STN and
VLPFC-STN tracts were
traced using the same
method as the tracts of
interest in the main text
(see Materials and
Methods). The MPFCNAcc tract was traced
using previously
reported methods
(Samanez-Larkin et al.,
2012).
(B) Tract coherence
profiles display fractional
anisotropy and mean
diffusivity along the
trajectory of each tract
for each hemisphere
(mean with standard
errors). The middle 50%
of each tract was
averaged to obtain a
value to include as
covariates of no interest
in regression analyses
(see Supplementary
Table 6).
(C) Linear fascicle
evaluation (LIFE) with
virtual lesions was
performed to assess the
evidence for the
existence of each tract
(Pestilli et al., 2014).
Violin plots depict the
evidence for each tract
in each hemisphere of
every subject. These scores were log-transformed to unbound the distribution at zero, and ttests were performed to test group-wise evidence for each tract of interest against a null value
of zero (Leong et al., 2016). Results indicate that each tract of interest incrementally improved
prediction of the raw diffusion data relative to the whole-brain connectome, and thus statistically
supported the presence of each bilateral tract.
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Supplementary Figure 7. Tracts of interest in representative subjects.
Depiction of four subjects' right hemisphere AIns-NAcc and AIns-VLPFC tracts, as well as
bilateral preSMA-STN, VLPFC-STN, and MPFC-NAcc tracts. All tracts followed a similar
trajectory in every subject.
We assessed testrested reliability of tract
coherence measures in
all tracts in a separate
sample (n = 7).
Subjects were scanned
twice using the same
diffusion-weighted MRI
sequence as in the
present study. Tracts
were traced and tract
coherence was
estimated in each scan
as described in the
present study. Tract
coherence measures
(FA and inverse MD)
exhibited high testretest reliability for all
tracts except for the
preSMA-STN tract.
Intraclass correlations:
AIns-NAcc FA
ICC2k = 0.96, p < 0.01
AIns-NAcc MD
ICC2k = 0.99, p < 0.01
AIns-VLPFC FA:
ICC2k = 0.95, p < 0.01
AIns-VLPFC MD:
ICC2k = 0.84, p < 0.05
preSMA-STN FA
ICC2k = 0.71, p = 0.08
preSMA-STN MD
ICC2k = 0.23, p = 0.40
VLPFC-STN FA
ICC2k = 0.90, p < 0.05
VLPFC-STN MD:
ICC2k = 0.93, p < 0.01
MPFC-NAcc FA
ICC2k = 0.97, p < 0.01
MPFC-NAcc MD:
ICC2k = 0.99, p < 0.01
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Supplemental Figure 8. Functional correlations of FMRI activity between volumes of
interest.

(A, B) Activity time course data was extracted and lagged four seconds (or two TRs) from each
VOI (as described in the Materials and Methods). The functional correlation (or “functional
connectivity”) between VOI pairs (AIns-NAcc and AIns-VLPFC) was assessed by performing
simple linear regression between the two VOIs’ activity for every trial phase (each linked to a
volume acquisition) for each task condition. The variance explained in the regression (R 2) was
then averaged across subjects to extract a measure of functional correlation for each trial phase
and condition. The plots reveal no significant difference in functional correlation for any
particular trial phase or condition.
(C) Right AIns-NAcc functional correlation was not associated with incentivized inhibition
behavioral performance (r = –0.13, p = 0.44). Right AIns-VLPFC functional correlation also was
not associated with incentivized inhibition behavioral performance (r = –0.19, p = 0.24).
8

Supplementary Table 1. Associations of right AIns-VLPFC and right AIns-NAcc tract
metrics with behavioral performance across all task conditions.
Tract metrics were specifically associated with incentivized inhibition performance (i.e., in +$5
no go trials, predicted associations in bold).
Independent Variable: AIns-VLPFC tract inverse mean diffusivity (1–MD)
Dependent Variable: Performance
Coefficient
Std. error
t-statistic
+$5 go
–0.85
0.87
–0.99
+$5 no go
3.61
1.38
2.62

p-value
0.33
0.01

+$0 go
+$0 no go
-$5 go
-$5 no go

0.39
0.01
1.28
1.36

1.21
1.45
0.80
1.30

0.32
0.01
1.60
1.05

0.75
0.99
0.12
0.30

-$0 go

–0.53

1.38

–0.39

0.70

-$0 no go

–1.36

1.13

–1.21

0.23

Independent Variable: AIns-NAcc tract fractional anisotropy (FA)
Dependent Variable: Performance
Coefficient
Std. error
+$5 go
0.27
0.37

t-statistic
0.73

p-value
0.47

+$5 no go

1.46

0.59

2.48

0.02

+$0 go
+$0 no go
-$5 go
-$5 no go

–0.13
–0.14
0.15
0.19

0.51
0.61
0.35
0.55

–0.25
–0.23
0.44
0.35

0.80
0.82
0.66
0.73

-$0 go

0.03

0.58

0.05

0.96

-$0 no go

–0.30

0.48

–0.63

0.53
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Supplementary Table 2.
Associations between right VLPFC activity and behavioral performance during each condition,
and between right AIns-VLPFC tract coherence and right VLPFC activity during each condition
(predicted associations in bold).
Independent Variable: Right VLPFC activity
Dependent Variable: Performance
+$5 go
+$5 no go

Coefficient
–0.04
0.38

Std. error
0.07
0.13

t-statistic
–0.58
2.84

p-value
0.57
0.01

+$0 go
+$0 no go
-$5 go
-$5 no go

–0.19
–0.05
0.03
–0.11

0.16
0.20
0.07
0.12

–1.21
–0.25
0.51
–0.90

0.24
0.81
0.62
0.37

-$0 go

–0.03

0.15

–0.18

0.86

-$0 no go

–0.12

0.14

–0.87

0.39

Independent Variable: Right AIns-VLPFC tract inverse mean diffusivity (1–MD)
Dependent Variable: Right VLPFC activity
Coefficient Std. error
t-statistic

p-value

+$5 go
+$5 no go
+$0 go
+$0 no go

3.23
4.29
1.14
1.76

1.90
1.52
1.20
1.15

1.70
2.82
0.95
1.53

0.01
0.01
0.35
0.13

-$5 go

4.87

1.83

2.66

0.01

-$5 no go
-$0 go
-$0 no go

1.93
2.07
–0.16

1.69
1.49
1.28

1.14
1.40
–0.13

0.26
0.17
0.90
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Supplementary Table 3. Whole brain FMRI activation peaks.
Contrast: Gain versus Non-gain anticipation
Region

X

Y

Z

Z-score

Voxels

Right Caudate

10

10

8

13

18163

Left Lingual Gyrus

–10

–92

–15

4.4962

57

Left Middle Temporal Gyrus

–62

–37

–9

4.3712

49

Left Parahippocampal Gyrus

–28

–16

–23

4.503

16

Left Parahippocampal Gyrus

–33

–5

–20

4.0271

13

Right Inferior Temporal Gyrus

45

–16

–18

3.8665

12

Right Parahippocampal Gyrus

25

–22

–20

3.9847

11

Right Superior Temporal Gyrus

48

–25

0

4.0011

10

Right Parahippocampal Gyrus

28

–5

–18

–4.0479

9

Left Middle Frontal Gyrus

–19

30

–15

3.7745

7

Left Medial Frontal Gyrus

–13

21

–18

4.0211

5

Right Inferior Temporal Gyrus

56

–22

–18

3.8012

5

Left Inferior Temporal Gyrus

–57

–31

–20

3.5776

5

Left Parahippocampal Gyrus

–19

–14

–15

–3.7021

5

Contrast: Loss versus Non-loss anticipation
Region

X

Y

Z

Z-score

Voxels

Left Medial Frontal Gyrus

–13

–2

61

7.3618

19470

Left Postcentral Gyrus

–7

–48

70

3.8751

18

Left Fusiform Gyrus

–22

–92

–15

4.3536

15

Left Cerebellar Tonsil

–36

–54

–44

4.2068

10

Right Superior Temporal Gyrus

54

–37

17

3.7894

9

Right Middle Temporal Gyrus

48

4

–38

3.5988

9

Right Postcentral Gyrus

54

–19

23

3.5848

8

Left Anterior Cingulate

–2

30

3

–4.0953

8

Right Postcentral Gyrus

4

-48

67

3.9553

6

Left Superior Temporal Gyrus

–30

–54

12

3.7236

6

Right Lingual Gyrus

13

–95

–9

4.2643

5

Left Inferior Temporal Gyrus

–39

–5

–35

3.957

5

Left Medial Frontal Gyrus

–4

53

20

–3.7468

5
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Contrast: Go versus No go target
Region

X

Y

12

Z

Z-score

Voxels

Left Postcentral Gyrus
Right Culmen
Left Medial Frontal Gyrus

–51
16
–2

–25
–46
–8

49
–20
55

5.9392
5.4322
5.7274

601
439
341

Left Supramarginal Gyrus
Right Inferior Frontal Gyrus
Left Precentral Gyrus
Right Supramarginal Gyrus

–54
48
–57
48

–57
4
1
–54

32
26
32
26

–5.9919
5.3738
5.5156
–4.7591

237
175
127
122

Right Putamen
Left Thalamus
Left Superior Frontal Gyrus
Right Middle Occipital Gyrus
Left Insula

16
–16
–7
30
–39

7
–22
39
–80
–5

–3
12
43
–9
14

4.7615
4.8683
–4.665
–4.7116
5.3291

96
79
61
60
58

Right Thalamus
Left Caudate
Left Cuneus
Right Superior Frontal Gyrus
Left Superior Parietal Lobule

10
–10
–16
16
–28

–14
7
–89
42
–54

8
3
6
40
46

4.6992
4.3004
4.6393
–4.9683
5.0596

52
51
47
42
38

Right Cuneus
Right Insula
Right Middle Frontal Gyrus
Left Middle Frontal Gyrus
Right Inferior Parietal Lobule

16
33
36
–39
33

–89
15
15
7
–48

6
14
46
49
38

5.2612
4.109
–4.6276
–4.1386
4.0494

34
29
29
26
22

Right Insula
Left Culmen
Left Inferior Frontal Gyrus
Right Precentral Gyrus
Right Postcentral Gyrus

36
–13
–42
30
51

–2
–48
21
–25
–19

14
–15
6
52
32

5.4581
4.2038
–4.1167
4.0157
3.8672

20
20
20
17
16

Right Middle Frontal Gyrus
Left Culmen
Left Putamen
Right Superior Temporal Gyrus

33
–22
–28
45

36
–60
–5
10

17
–23
0
–23

4.0639
4.2396
3.5043
–4.1415

13
12
11
8

Left Cerebellum

–4

–34

–44

4.3706

6

Left Transverse Temporal Gyrus
Left Precuneus
Left Middle Frontal Gyrus
Right Inferior Frontal Gyrus

–57
–13
–51
45

–16
–46
15
27

12
35
35
0

3.9224
–3.7906
–3.6504
–3.6517

6
6
5
5

Left Superior Frontal Gyrus

–13

12

58

–4.0192

5
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Contrast: Gain/Non-gain X Go/No go
Region
Right Middle Frontal Gyrus

X
36

Y
7

Z
43

Z-score
–4.6176

Voxels
84

Left Middle Frontal Gyrus
Left Inferior Parietal Lobule
Right Angular Gyrus
Left Middle Occipital Gyrus

–45
–48
42
–22

21
–48
–63
–89

29
43
35
14

–4.646
–4.1375
–4.3067
4.4477

67
64
32
21

Right Cuneus
Left Precuneus
Right Middle Occipital Gyrus
Right Cingulate Gyrus
Left Claustrum

22
–36
36
16
–28

–86
–72
–72
–16
–2

12
38
6
26
14

4.0691
–4.1572
3.6506
4.1166
3.9788

19
18
7
6
6

Left Postcentral Gyrus
Right Middle Temporal Gyrus

–48
30

–19
–74

23
20

3.9619
3.66

5
5

Contrast: Loss / Non-loss X Go /No go
Region
X

Y

Z

Z-score

Voxels

Left Middle Temporal Gyrus
Right Cerebellar Nodule
Left Middle Temporal Gyrus
Right Middle Temporal Gyrus

–25
–54
–63
–34

–12
–29
26
–3

–4.6447
3.6883
–3.6427
–4.0128

36
12
6
6

–62
1
–48
62
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Supplementary Table 4. Alternative models with trial-to-trial prediction of incentivized
inhibition performance. Logistic regression models that included left hemisphere VOI activity
and tract metrics neither improved model fit nor abolished the right hemisphere effects,
suggesting the sufficiency of a model including only the right hemisphere. A likelihood-ratio test
of nested models was marginally significant ( 2(8) = 15.33, p = 0.053). The logistic regression
results presented in Table 2 also reproduced when using NAcc and AIns VOIs defined by the
Desai probabilistic atlas. The same model was run with VOI activity that was shifted three
volume acquisitions to account for a 6-second hemodynamic lag, but this activity could not
predict behavior as in the original model. Since gain incentive cues also increased caudate and
anterior cingulate activity (see Figure 2), activity from these VOIs was also included in models,
but did not reduce the effects reported in the main text. Interestingly, caudate activity during the
target period did predict failure to inhibit motor responses, and VLPFC activity during the target
period further predicted successful incentivized inhibition performance in this model.
Z-scores with coefficient estimates and SE in parentheses. *** p < 0.001, ** p < 0.01, * p < 0.05
Right and left
Alternative VOIs
Caudate and
Variable
Later lag (6 sec)
hemisphere
(Desai atlas)
cingulate VOIs
Previous trial go success 1.03 (0.27, 0.26)
1.17 (0.29, 0.25)
0.87 (0.21, 0.24)
1.09 (0.29, 0.36)
Previous trial no go
–0.55 (–0.17, 0.31) –0.43 (–0.12, 0.29) –0.37 (–0.11, 0.29) 0.26 (0.08, 0.31)
success
–2.24*
–2.47*
–1.56
–2.31*
R NAcc incentive cue
(–4.17, 1.86)
(–3.89, 1.58)
(–2.32, 1.49)
(–4.13, 1.79)
R AIns incentive cue
–0.66 (–1.23, 1.87) 1.61 (2.84, 1.77)
1.11 (1.76, 1.59)
–0.36 (–0.65, 1.81)
2.67**
3.68***
2.88**
3.93***
R MPFC anticipation
(1.05, 0.39)
(0.80, 0.22)
(0.46, 0.16)
(0.92, 0.23)
R VLPFC target
0.01 (0.004, 0.28)
0.36 (0.08, 0.21)
1.32 (0.29, 0.22)
3.13** (0.84, 0.27)
R DLPFC target
–0.81 (–0.43, 0.53) –0.21 (–0.08, 0.39) –1.07 (–0.36, 0.34) 1.27 (0.58, 0.45)
R AIns-NAcc FA
2.43* (9.47, 3.89)
1.72 (5.36, 3.12)
2.01* (5.99, 2.98)
2.18* (7.22, 3.32)
R NAcc*AIns-NAcc FA
2.22* (18.07, 8.14)
2.00* (13.75, 6.87)
1.33 (8.76, 6.59)
2.01* (15.78, 7.86)
R AIns*AIns-NAcc FA
1.11 (9.37, 8.48)
–1.24 (–9.64, 7.79) –0.66 (–4.67, 7.04) 0.89 (7.26, 8.20)
L NAcc incentive cue
–1.34 (–2.87, 2.14)
L AIns incentive cue
–0.53 (–1.04, 1.96)
L MPFC anticipation
–0.55 (–0.21, 0.38)
L VLPFC target
2.12* (0.58, 0.28)
L DLPFC target
–0.84 (–0.42, 0.50)
L AIns-NAcc FA
–1.16 (–4.78, 4.13)
L NAcc*AIns-NAcc FA
0.82 (7.83, 9.51)
L AIns*AIns-NAcc FA
0.78 (6.80, 8.73)
–5.52***
R Caudate target
(–1.97, 0.36)
–0.30
R Ant. cingulate target
(–0.11, 0.35)
Pseudo R2
0.30
0.22
0.15
0.34
AIC
546
560
576
512
LOOCV %
70.4%
72.1%
72.3%
71.9%
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Supplementary Table 5. Trial-to-trial prediction of performance across all conditions.
Right AIns and NAcc VOI activity did not predict successful inhibition for incentives other than
+$5 (i.e., the incentivized inhibition condition, predicted associations in bold). Right MPFC
activity, however, predicted successful inhibition for all conditions except for –$0. Right VLPFC
activity further predicted failed responses for no gain and no loss incentives, as well as failed
inhibition for no loss incentives.
No go target
Variable
R NAcc

+$0
0.69 (0.25, 0.36)

–$5
–1.81 (–0.59, 0.32)

–$0
–1.24 (–0.53, 0.43)

3.91*** (0.82, 0.21)

–0.93 (–0.31, 0.33)
3.02** (0.69, 0.23)

0.31 (0.09, 0.29)
4.04*** (0.78, 0.19)

R VLPFC
R DLPFC

0.74 (0.16, 0.22)
–0.57 (–0.22, 0.38)

1.66 (0.48, 0.29)
–0.74 (–0.29, 0.40)

–1.75 (–0.41, 0.24)
0.21 (0.08, 0.39)

0.44 (0.19, 0.43)
1.52 (0.40, 0.27)
–2.41* (–0.73,
0.30)
–1.05 (–0.52, 0.49)

Pseudo R2
AIC

0.16
554

0.19
503

0.12
584

0.17
401

LOOCV %

71.5%

76.3%

70.6%

85.0%

R AIns
R MPFC

+$5
–2.02* (–0.66,
0.32)
2.57* (0.82, 0.32)

Go target
Variable
R NAcc
R AIns

+$5
–1.05 (–0.28, 0.27)
–1.07 (–0.30, 0.28)

+$0
1.81 (0.49, 0.27)
0.49 (0.13, 0.27)

–$5
2.09* (0.62, 0.30)
–1.14 (–0.30, 0.26)

–$0
0.93 (0.29, 0.31)
–0.65 (–0.20, 0.31)

R MPFC
R VLPFC

–2.07* (–0.38, 0.19)
–0.06 (–0.01, 0.19)

–0.12 (–0.02, 0.18)
–2.25* (–0.49, 0.21)

1.20 (0.20, 0.17)
0.87 (0.17, 0.20)

R DLPFC
Pseudo R2
AIC

0.66 (0.18, 0.28)
0.03
666

–1.05 (–0.36, 0.35)
0.03
649

0.46 (0.14, 0.31)
0.02
670

–1.01 (–0.17, 0.17)
–2.13* (–0.50,
0.23)
0.92 (0.33, 0.36)
0.07
646

LOOCV % 55.6%
55.8%
54.0%
55.8%
Z-scores with coefficient estimates and SE in parentheses. *** p < 0.001, ** p < 0.01, * p < 0.05
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Supplementary Table 6. Associations of tract coherence with incentivized inhibition
performance after including control variables.
Associations between right AIns-NAcc and right AIns-VLPFC tract coherence and incentivized
inhibition performance remained significant or marginally significant after controlling for the
coherence of control tracts (preSMA-STN, VLPFC-STN, MPFC-NAcc). Regression results
controlling for age, left hemisphere tracts, and both fractional anisotropy (FA) and inverse mean
diffusivity (1–MD) are also included, as reported in the main text. Right preSMA-STN 1–MD was
not associated with incentivized inhibition performance when tested alone in regression
analyses ( = –0.22, t(38) = –1.40, p = 0.17). All coefficient estimates are standardized.
Control tract
t(35)
p-value
Tract of interest
Right AIns-NAcc FA

0.39
–0.05
0.05
0.07

2.42
–0.28
0.28
0.42

0.02
0.78
0.78
0.68

0.29
0.33
0.28
0.16
0.42

1.88
1.86
1.56
0.91
2.63

0.07
0.07
0.13
0.37
0.01

Right preSMA-STN 1-MD

–0.06
–0.08
–0.06
0.41
–0.44

–0.32
–0.44
–0.36
2.45
–2.68

0.75
0.66
0.72
0.02
0.01

Right VLPFC-STN 1-MD
Right MPFC-NAcc 1-MD

0.11
0.13

0.57
0.81

0.57
0.42

0.38

t(37)
2.49

p-value
0.02

–0.001
0.39
0.01

–0.42
2.58
0.05

0.68
0.01
0.96

0.45

2.71

0.01

Left AIns-NAcc FA

–0.18

–1.09

0.28

Left AIns-VLPFC 1–MD

0.42
–0.13
0.33

2.74
–0.87
2.23

0.01
0.39
0.03

Right AIns-NAcc 1–MD

0.28
0.39

1.91
2.58

0.06
0.01

Right AIns-VLPFC FA

–0.04

–0.23

0.82

Right preSMA-STN FA
Right VLPFC-STN FA
Right MPFC-NAcc FA
Right AIns-NAcc FA
Right preSMA-STN 1-MD
Right VLPFC-STN 1-MD
Right MPFC-NAcc 1-MD
Right AIns-VLPFC 1–MD
Right preSMA-STN FA
Right VLPFC-STN FA
Right MPFC-NAcc FA
Right AIns-VLPFC 1–MD

Tract of interest
Right AIns-NAcc FA

Control variable
Age

Right AIns-VLPFC 1–MD
Age
Right AIns-NAcc FA
Right AIns-VLPFC 1–MD
Right AIns-NAcc FA
Right AIns-VLPFC 1–MD
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Supplementary Table 7. Predicted and alternative mediation models of the influence of
brain structure and function on incentivized inhibition performance.
Alternative mediation models (rows 2-7) verified that only right VLPFC activity statistically
mediated the association of right AIns-VLPFC tract coherence with incentivized inhibition. The
predicted model (row 1, below) also fit the data better than alternative models (indicated by
lower AIC and BIC). An alternative model in which behavioral performance instead mediated the
association of structural tract coherence with VLPFC activity was also tested, but the indirect
path in this model was only marginally significant, as described in the main text (a*b = 0.12, p =
0.06). A mediation model using this activity reproduced the same pattern of results as the
original predicted model, with trending statistical significance. Path coefficients are standardized
betas.
Model
R AIns-VLPFC 1–MD
→ R VLPFC activity
→ +$5 no go
R AIns-VLPFC 1–MD
→ +$5 no go
→ R VLPFC activity
R preSMA-STN 1–MD
→ R VLPFC activity
→ +$5 no go
R VLPFC-STN 1–MD
→ R VLPFC activity
→ + $5 no go
R AIns-NAcc FA
→ R VLPFC activity
→ +$5 no go
R MPFC-NAcc FA
→ R VLPFC activity
→ +$5 no go
R AIns-VLPFC 1–MD
→R AIns activity
→ +$5 no go
R AIns-NAcc FA
→ R NAcc activity
→ +$5 no go

a: structure
→ function
0.42** (p < 0.01)

b: function
→ behavior
0.31* (p = 0.04)

c' / c: structure
→ behavior
c' = 0.26 (p = 0.17)
c = 0.39* (p = 0.01)

Model fit
AIC / BIC

0.39* (p = 0.03)

0.30* (p = 0.04)

c' = 0.30 (p = 0.09)
c = 0.42* (p < 0.01)

AIC = 329
BIC = 338

0.26 (p = 0.15)

0.51*** (p < 0.001)

c' = -0.35* (p = 0.02)
c = -0.22 (p = 0.17)

AIC = 331
BIC = 339

0.36* (p = 0.03)

0.42** (p = 0.006)

c' = 0.00 (p = 0.99)
c = 0.15 (p = 0.35)

AIC = 334
BIC = 343

0.11 (p = 0.43)

0.38** (p = 0.004)

c' = 0.33* (p = 0.03)
c = 0.37* (p = 0.02)

AIC = 334
BIC = 342

0.11 (p = 0.40)

0.42** (p = 0.001)

c' = –0.01 (p = 0.94)
c = 0.04 (p = 0.81)

AIC = 339
BIC = 348

0.04 (p = 0.80)

0.34* (p = 0.02)

c' = 0.38* (p = 0.02)
c = 0.39* (p = 0.01)

AIC = 335
BIC = 343

0.04 (p = 0.82)

0.23 (p = 0.09)

c' = 0.37* (p = 0.03)
c = 0.37* (p = 0.02)

AIC = 339
BIC = 347

AIC = 329
BIC = 338

*** p < 0.001, ** p < 0.01, * p < 0.05
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