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STN, right IFG, and preSMA (Aron et al., 2007), which further 
 supports the existence of this network. Lastly, both age and behavior 
have been found to correlate with brain activity in these regions, 
indicating that individual differences in the engagement of this 
network may relate to variability in behavior. For example, adults 
have greater activity than children during inhibition in the right 
IFG (Bunge et al., 2002; Durston et al., 2002; Rubia et al., 2007). 
It has also been found that activity in the right IFG and STN rises 
with increasingly successful response inhibition in adults (Aron 
and Poldrack, 2006).

The stop-signal paradigm (Logan, 1994) is commonly used to 
measure the rapid engagement of response inhibition. In this task, 
participants are presented with a simple choice response task (e.g., 
pressing a left or right button in response to an arrow pointing 
left or right), but a small proportion of trials are presented with 
a “stop-signal” (often an auditory tone), which signals to partici-
pants to withhold their response. A unique feature of this task is 
the ability to estimate a continuous measure of response inhibition, 
known as the “stop-signal reaction time” (SSRT), using a model 
known as the independent race model (Logan and Cowan, 1984; 

IntroductIon
The ability to rapidly cancel planned or ongoing behaviors, referred 
to as response inhibition, is crucial to adaptive behavior and is 
known to improve throughout childhood and into adulthood 
(Casey et al., 1997; Williams et al., 1999; Durston et al., 2002). A net-
work of cortical and basal ganglia regions that are not fully devel-
oped until adulthood (Giedd et al., 1999; Sowell et al., 1999) has 
been identified as being critical for this form of executive control, 
including the right inferior frontal gyrus (IFG), pre-supplementary 
motor area (preSMA), and subthalamic nucleus (STN). The neces-
sity of these regions for response inhibition has been established by 
lesion (Aron et al., 2003; Floden and Stuss, 2006; Picton et al., 2007) 
and transcranial magnetic stimulation (Chambers et al., 2007, 2006; 
Chen et al., 2009) studies, which demonstrate that disruption of 
right IFG and preSMA functioning specifically impairs response 
inhibition, as compared to response execution, while disrupting 
other prefrontal areas has no effect. Additionally, deep brain stimu-
lation of the STN in Parkinson’s disease has been shown to enhance 
response inhibition (van den Wildenberg et al., 2006). Moreover, 
there is evidence for direct white matter connectivity between the 
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Band et al., 2003). As a measure of response inhibition ability, SSRT 
is both highly reliable and has substantial external validity, exhib-
iting relations with self-reported impulsivity in the population 
(Logan et al., 1997). In addition, SSRT is significantly lengthened in 
a number of impulse control disorders, including attention deficit/
hyperactivity disorder (ADHD; Logan et al., 2000; Lijffijt et al., 
2005), substance use (Fillmore and Rush, 2002; Monterosso et al., 
2005), and  obsessive-compulsive disorder (OCD; Chamberlain 
et al., 2006).

Despite the strong observed relations between age, SSRT, 
and neural activity during successful response inhibition, there 
remain questions regarding the degree to which these relation-
ships truly reflect underlying variability in inhibitory control 
functions. In particular, it has been noted that although indi-
viduals with ADHD show impairments in SSRT, they show 
even greater impairments in the variability of response times 
on “Go” trials (Lijffijt et al., 2005). Because increased variability 
in response times can result in spurious increases in SSRT, it is 
possible that the previous findings of slower SSRT in children as 
compared to adults could instead reflect variability in behavior 
rather than reduced inhibitory control in children. Unfortunately, 
with analyses being limited to how individual difference variables 
are correlated with neural activity and each other, it has not been 
possible to determine if there is a predictive relationship between 
neural activity and these variables during response inhibition or 
if they are simply correlated.

Therefore, the goal of the present study was to determine 
which aspects of neural function enable prediction of individual 
differences in age, response inhibition, response execution, and 
response time variability. More precisely, we wished to clarify 
whether neural function during successful inhibitory control is 
specifically predictive of age and SSRT. A large body of work has 
shown that individual difference variables often exhibit substan-
tial correlations with functional neuroimaging data (Miller et al., 
2002). These findings are often couched in terms of “prediction”. 
However, the correlation within a particular sample generally 
overestimates the ability to predict to new samples because the 
predictions will include a contribution from the noise in the data 
in addition to the true signal. This distinction between training 
versus generalization error is a fundamental concept in the field of 
statistical learning, which focuses on the development of methods 
that enable optimal predictions about new observations based on 
existing data (Hastie et al., 2001). These methods have been used 
extensively within the fMRI literature to decode mental states 
based on fMRI data (Haynes and Rees, 2006; O’Toole et al., 2007); 
they have largely been used to predict within participants (i.e., 
predict mental states on one set of scans based on another set of 
scans from the same individual), but recent work has shown that 
these methods can also predict across individuals (Poldrack et al., 
2009). Further, previous work has focused on classification into 
discrete categories (e.g., different stimulus classes), rather than 
prediction of quantitative differences (i.e., regression). We applied 
high-dimensional regression methods to fMRI data from a healthy 
developmental sample of participants performing the stop-signal 
task in order to determine which aspects of the task can be used to 
decode quantitative differences in age and behavior. We hypoth-
esized that if age and SSRT could be decoded from neural activ-

ity during successful inhibitory control then we would provide 
stronger evidence that individual and developmental differences 
in these variables are directly related to inhibitory  function, as 
opposed to reflecting some aspect of response execution. We 
found that while neural activity during successful response inhi-
bition was correlated with age, response inhibition performance, 
speed of response execution, and variability of response execution, 
only age and response inhibition performance were successfully 
decoded from activation during successful inhibition. This spe-
cific predictive relation provides novel evidence that develop-
mental differences as well as individual differences in SSRT are 
specifically related to inhibitory processes.

MaterIals and Methods
PartIcIPants
Sixty seven healthy typically-developing right-handed participants 
between the ages of 9 and 30 were recruited from the community as 
control participants for a study of childhood onset schizophrenia. 
They were recruited with online advertisements and by randomly 
calling families found through a commercially available list of 
households within a 25-mile radius of UCLA (Survey Sampling 
Inc., Fairfield, CT, USA). Potential participants (or their parents, for 
minors) were interviewed to determine whether they met inclusion/
exclusion criteria for the study. Participants were eligible if they had 
no history of CNS disease, DSM-IV disorders, or learning disabili-
ties and no treatment with anti-psychotic drugs or substance use 
in the past 2 years. Additionally, they could not have any metal in 
their bodies other than dental fillings, and could not be pregnant. 
Of these 67 potential participants, 61 were eligible to participate 
in the MRI study. Of these, 25 were excluded because of: technical 
issues (1; field of view did not cover the entire brain), excessive 
motion (3; more than one translational displacement of 3 mm or 
greater), or poor performance (21; poor performance defined a 
priori as a response rate on the Go task of less than 90%, more 
than 10% incorrect trials on the Go task, percent inhibition on the 
Stop task less than 25% or greater than 75%, or an SSRT of less 
than 80 ms). This proportion of participants excluded for behav-
ior is comparable to that in other fMRI studies of the stop-signal 
task using a developmental population (Leibenluft et al., 2007). 
Of the remaining 36 participants included in this analysis, there 
were 27 youth aged 9–19 (mean age 13.7, 16 females) and 9 adults 
aged 25–30 (mean age 26.6, 4 females). All participants (and their 
parents if they were under 18) provided written informed consent 
or assent (for minors) according to the procedures of the UCLA 
Institutional Review Board.

exPerIMental desIgn and Procedure
Participants performed four runs of the stop-signal task (Logan, 
1994; Figure 1A). Two training runs were conducted before the 
functional scans, one approximately a week before the scanning 
session and one just before functional scanning. These two train-
ing runs were administered to ensure that participants understood 
the task; feedback was given after each run. The last two runs were 
during fMRI acquisition. The primary task was a simple two-choice 
reaction time task with spatially compatible stimulus-response 
mappings. On Go trials, participants pressed the right button with 
their right middle finger if an arrow pointed rightwards and the left 
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planar images (33 slices, slice thickness 4 mm, TR = 2000 ms, 
TE = 30 ms, flip angle = 90°, matrix 64 × 64, field of view 200 mm). 
A T2-weighted matched-bandwidth high-resolution anatomical 
scan with the same slice prescription as the functional images was 
also acquired. Lastly, a magnetization-prepared rapid-acquisition 
gradient echo (MPRage; 160 sagittal slices, slice thickness 1 mm, 
TR = 2000 ms, TE = 2.1 ms, matrix 192 × 192, field of view 256) 
was collected.

BehavIoral data analysIs
Go task response time (GoRT) and accuracy (GoAcc), standard 
deviation of GoRT (SDRT), percent successful inhibition, average 
SSD, and SSRT were calculated for each participant. Only correct 
Go trials were included in the GoRT analyses. SSRT was calculated 
according to the race model of stopping (Logan and Cowan, 1984). 
The race model assumes that the Go and Stop processes occur in 
parallel and are stochastically independent (although when using 
the tracking method this assumption is not critical; see Band et al., 
2003). To calculate SSRT, first all correct RTs were arranged in an 
assumption-free distribution in ascending order. Then the pro-
portion of failed inhibition (i.e., the proportion of Stop trials on 
which the participant responded) was determined. The RT corre-
sponding to that proportion was computed: the quantileRT (i.e., if 
failed inhibition was 0.55, the RT corresponding to 55% of the area 
under the RT distribution curve was the quantileRT). SSRT was 
calculated as the difference between the quantileRT and the average 
SSD (Figure 1B). Correlations with behavior were conducted using 
robust linear regression with iteratively reweighted least squares to 
deweight outliers.

fMrI data analysIs
Imaging data were processed and analyzed using FSL (FMRIB’s 
Software Library1). For preprocessing we used FSL 3.3, including 
BET to extract the brain from the skull and MCFLIRT for motion 
correction. Following motion correction, the data were submitted 
to independent components analysis using MELODIC ICA, and 
the results from this analysis were used to identify and remove 

button with their right index finger if the arrow pointed leftwards. 
On each Go trial, a warning signal (open circle) appeared on the 
computer monitor for 500 ms (visual angle subtended 4.9° × 4.9°). 
An arrow then appeared in the center of the circle until either 
the participant responded or 1000 ms elapsed. The duration of 
the blank screen between the trials was jittered between 500 and 
4000 ms (mean 1000 ms, sampled from an exponential distribu-
tion) so as to optimize the contrast of successful Stop trials with 
successful Go trials. For the two behavioral runs, instead of a jittered 
inter-trial interval, each delay lasted 500 ms.

On 25% of the trials (Stop trials), a tone was sounded and 
participants tried to inhibit their already initiated response to the 
arrow. The tone was presented at varying delays (the stop-signal 
delay; SSD) after the onset of the primary stimulus. If participants 
responded on a Stop trial, the trial proceeded as if it were a Go trial. 
If participants inhibited their response, the arrow remained on the 
screen for 1000 ms, followed by the jittered interval between tri-
als. An adaptive tracking procedure (1-up, 1-down staircase) was 
used to adjust the SSD to produce approximately 50% successful 
inhibition. Two independent staircase functions with a step size 
of 50 ms were used, with starting delays on the first run of the 
stop-signal task of 200 ms and 320 ms respectively. For runs 2–4, 
the average SSD of each staircase on the previous run was used as 
each staircase’s starting value.

Each run had 128 trials: 96 Go trials and 32 Stop trials. For each 
eight trials, there were four left arrows and four right arrows. There 
were also two Stop trials (one for each ladder). Order of arrow direc-
tion, Stop trial ladder, and on which trials the stop-signal occurred 
were randomized.

The MATLAB (The MathWorks, Inc., Natick, MA, USA) 
Psychophysics Toolbox (Brainard, 1997) version 7.4 was used to 
present the stimuli to participants and to record their responses. 
Participants viewed the task through LCD goggles and responded 
using an MR-compatible button box.

fMrI data acquIsItIon
Imaging data were collected with a 3T head-only Siemens Allegra 
scanner at the UCLA Ahmanson-Lovelace Brain Mapping Center. 
For each functional run we collected 182 T2*-weighted echo-

FIguRe 1 | (A) Schematic of go trials and stop trials. (B) The race model of stopping (Logan and Cowan, 1984). All correct RTs were arranged in ascending order in an 
assumption-free distribution to calculate the RT at each participant’s proportion of failed inhibition (quantileRT). SSRT could then be calculated as quantileRT – SSD. 
Figure adapted from Aron et al. (2006).

1www.fmrib.ox.ac.uk/fsl
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modeling mean activity and demeaned regressors for age, gender, 
SSRT, GoRT, and SDRT so we could examine neural effects of age, 
gender, and relevant behavioral performance during going and 
stopping. Contrasts included positive and negative relationships 
with each of the regressors. Outlier deweighting was performed 
using a mixture modeling approach (Woolrich, 2008). Results 
were thresholded at a whole-brain level using cluster-based 
Gaussian random field theory, with a cluster-forming threshold 
of z > 2.3 and a whole-brain corrected cluster significance level 
of p < 0.05. Cortical surface renderings were performed using 
CARET software2. Group statistical maps were mapped to the 
Population Average Landmark and Surface–based (PALS) atlas 
using the multi-fiducial mapping technique described by Van 
Essen (2005). For the purposes of presentation, data are overlaid 
on the average atlas surface.

PredIctIve analysIs
Multivariate analyses were performed using the PyMVPA tool-
box (Hanke et al., 2009). Prediction of individual differences 
from whole-brain fMRI data was performed using Gaussian 
process regression (Rasmussen and Williams, 2006) as imple-
mented in PyMVPA, and support vector machines (Scholkopf 
and Smola, 2000) as implemented in libsvm (Chang and Lin, 
2001). Individual differences for four different variables were 
included: age, SSRT, GoRT, and SDRT. These four variables are 
referred to as “labels.” Contrast values from each voxel included 
in the whole-brain analysis mask were included as features in 
the analysis; because these are centered around zero, no scal-
ing was performed. Four-fold  balanced cross-validation was 
performed for each label (Figure 2A). On each run, partici-
pants were randomly assigned to one of the four folds, with 
the constraint that the mean label value did not differ across 
folds according to a one-way ANOVA (p > 0.98). This approach 
was used because it prevents overfitting that can occur when 
leave-one-out cross-validation is used with small sample sizes, 

potentially artifactual components in the data. After manually 
identifying artifactual components from one run for each of 11 
randomly selected participants, we trained a classifier (Tohka et al., 
2008) to automatically identify these components, and then used 
MELODIC to remove them from the data.

Statistical analysis was conducted in FSL 4.1 using FEAT 5.98. 
The statistical model included events for successful go responses, 
successful stop responses, and unsuccessful stop responses. Incorrect 
and missed Go trials were included in a nuisance regressor. All 
events began at stimulus onset and lasted the duration of the fixa-
tion plus the stimulus (1.5 s).

For the first-level analysis, images were spatially smoothed using 
a Gaussian kernel of FWHM 5 mm. Time-series statistical analysis 
was carried out using FILM (FMRIBs Improved Linear Model) 
with local autocorrelation correction after highpass temporal fil-
tering (Gaussian-weighted least squares straight line fitting, with 
sigma = 33.0 s). Regressors of interest were created by convolving 
a delta function representing each event of interest with a canoni-
cal (double-gamma) hemodynamic response function (Woolrich 
et al., 2001). Parametric regressors were created by modulating 
the amplitude of a delta function using a demeaned version of the 
parameter of interest. In addition to regressors of interest, estimated 
motion parameters and their temporal derivatives (i.e., displace-
ment) were included as nuisance regressors. Linear contrasts were 
performed for comparisons of interest.

A 3-step registration process was applied using FSL’s FLIRT 
module for linear registration. EPI functional images were first 
registered to an inplane T2-weighted structural image (matched 
bandwidth; 7 DOF). The inplane structural image was registered 
to the high-resolution structural image (MPRage; 7 DOF), and the 
high-resolution image was registered to standard MNI152 space 
using FLIRT linear registration with 12 degrees of freedom. These 
transformation matrices were combined to provide the transform 
from EPI to MNI space, and this transform was applied to the 
results from the first-level analysis.

Data were combined across runs using a fixed effects model, 
and then modeled using mixed effects at the group level with FSL’s 
FLAME model (Stage 1 only). The model included a regressor 

FIguRe 2 | Depiction of the predictive methods used. (A) All subjects 
were randomly assigned to 1 of 4 groups in such a way as to balance the 
distribution of the target variable across groups. Cross-validation was used, 
meaning that 3 groups were used to train the classifier (in this case 1, 2 and 
3, although all iterations were used) and the classifier predicted the label 

value for the 4th group. (B) To quantify the accuracy of the classifier, the 
correlation between the actual label value and the label value predicted by the 
classifier was computed. Higher correlations imply that the actual and 
predicted values were similar, and thus the classifier was 
successfully predictive.

2http://brainmap.wustl.edu
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ture. We also looked at correlations between neural activity during 
each of the contrasts and the four labels tested during the predic-
tive analysis (age, SSRT, GoRT, and SDRT). All fMRI results were 
corrected for multiple comparisons using cluster-based Gaussian 
random field theory (cluster-forming threshold of z > 2.3, whole-
brain FWE-corrected p < 0.05).

In order to determine which brain regions were associated with 
completing a planned response to a visual stimulus, we contrasted 
successful going with baseline. We found that the left motor cortex 
(corresponding to a right-handed button press), the left postcen-
tral gyrus and the right occipital cortex were the only regions 
significantly active (Figure 3A; Table 2A). Similar to the behavioral 
data, there were no significant correlations with age or stopping 
ability (SSRT) and brain activity during the going process. There 
were, however, significant negative correlations between GoRT 
and SDRT and brain activity during the Go task. Regions corre-
lated with GoRT included the right posterior middle frontal gyrus 
into the precentral gyrus, left angular gyrus, left superior lateral 
occipital cortex and left precuneus. All these regions displayed 
less activity with longer response times (Figure 4A; Table 3A). 
In a region in the left postcentral gyrus and supramarginal gyrus 
there was a significant negative correlation between SDRT and 
brain activity during the Go task, such that when participants’ 
response speeds were more variable, there was less brain activity 
(Figure 4B; Table 3B).

Next, we explored regions associated with successful response 
inhibition by comparing activity during successful stopping to 
activity during successful going. We saw significant activity in a 
bilateral but predominantly right-lateralized network including 
the frontal pole, IFG, anterior insula, orbitofrontal gyrus, ante-
rior cingulate gyrus, paracingulate gyrus, middle frontal gyrus, 
superior frontal gyrus, preSMA, posterior cingulate gyrus, central 
opercular cortex, striatum, thalamus, STN, brainstem, superior 
temporal gyrus, middle temporal gyrus, occipital fusiform cortex, 
precuneus cortex, intracalcarine cortex, supracalcarine cortex, 
lateral inferior occipital cortex, occipital pole, and cerebellum 
(Figure 3B; Table 2B). Many of these regions are typically active 
during successful stopping performance in adults (Aron and 
Poldrack, 2006). When examining correlations between age and 
neural activity during successful response inhibition we found 
one region, in the left medial prefrontal cortex, including part of 
the rostral anterior cingulate gyrus, that was significantly related 
to age. Activity in this region was decreased in older participants 
as compared to younger participants (Figure 5A; Table 4A). We 
then examined whether neural activity was related to behavior. 
To this end, we looked at brain regions correlated with SSRT, 
GoRT, and SDRT. During response inhibition, we found signifi-

resulting in systematically incorrect predictions (Kohavi, 1995). 
Several different approaches for high-dimensional regression 
were employed:

•	 Gaussian	 process	 regression	 using	 a	 linear	 kernel	 and	 noise	
SD = 40.

•	 Gaussian	 process	 regression	 using	 a	 squared	 exponential	
(i.e., radial basis function) kernel with noise SD = 40, length 
scale = 12,000 and sigma f = 10,000.

•	 Support	 vector	 regression	 (epsilon-regression)	 with	 a	 linear	
kernel and cost function = 0.001.

In each case, parameters were determined using a set of increas-
ingly fine grid searches over a broad parameter space. Predicted 
values were obtained for the left-out observations on each run 
and compared to the true label values using Pearson correlation 
(Figure 2B). This was performed 100 times for each analysis in 
order to obtain an estimate of prediction accuracy that was robust 
to the random group assignments. Statistical significance of pre-
diction accuracy was determined by running each analysis 1000 
times using randomly permuted labels; the correlation coefficients 
for predicted versus “true” labels in this analysis were used as an 
empirical null distribution against which the observed value was 
tested. Correlations were considered significant if the probability 
of such a correlation occurring was < 0.05.

Sensitivity maps were generated for the linear Gaussian process 
regression by averaging the linear regression weights for each voxel 
obtained for each training fold (it is not possible to create such 
maps for the non-linear case).

results
BehavIoral results
Behavioral results are summarized in Table 1. There was no rela-
tionship between age and Go task performance (r = 0.04, robust 
p = 0.92). Older participants were, however, better at the Stop 
task than younger participants, as noted by decreasing SSRTs with 
increasing age (r = −0.40, robust p = 0.03). Additionally, there 
was no relationship between Stop task performance and Go task 
performance (r = −0.008, robust p = 0.78 for median GoRT and 
r = −0.07, robust p = 0.66 for SDRT).

standard glM analysIs
We explored neural activity during successful Go task performance 
(successful go – baseline) and successful Stop task performance 
(successful stop – successful go and successful stop – unsuccess-
ful stop). We included two contrasts exploring different aspects of 
successful stopping because both are commonly used in the litera-

Table 1 | Accuracy and response times of youth (ages 9–19) and adults (ages 25–30) on the stop-signal task.

Behavioral Data goAcc (SD) goRT (SD) SDRT (SD) PctInhib (SD) SSRT (SD)

Youth 98.4% (1.9) 498.1 ms (73.4) 123.4 ms (25.3) 48.3% (4.8) 221.8 ms (56.1)

Adults 99.5% (0.5) 514.4 ms (83.9) 116.0 ms (23.8) 52.3% (5.0) 169.5 ms (43.1)

GoAcc, accuracy on the Go task; GoRT, response times on the Go task; SDRT, standard deviation of GoRT; PctInihib, percent inhibition on Stop trials; SSRT, 
stop-signal reaction time; SD, standard deviation.
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FIguRe 3 | Whole-brain main effects of (A) successful going – baseline, (B) successful stopping – successful going, and (C) successful stopping – unsuccessful 
stopping. All clusters survived whole-brain correction at z > 2.3, p < 0.05. For a list of clusters of activity, see Table 2.

Table 2 | Clusters associated with (A) successful going – baseline, (B) successful stopping – successful going, and (C) successful stopping – unsuccessful 

stopping.

Region Coordinates (x,y,z in mm) Max z extent (voxels)

A. SuCCeSSFul go – BASelINe

R inferior lateral occipital cortex, R occipital pole 24, −98, 8 5.87   1870

L precentral gyrus, L postcentral gyrus −58, −26, 50 5.68   1589

B. SuCCeSSFul SToP – SuCCeSSFul go

R frontal pole, B inferior frontal gyrus, B anterior insula, B orbitofrontal gyrus, B anterior 

cingulate cortex, B paracingulate gyrus, R middle frontal gyrus, B superior frontal gyrus, 

B pre-supplementary motor area, B frontal opercular cortex, B central opercular cortex, 

B posterior cingulate gyrus, B striatum, B thalamus, B subthalamic nucleus, B 

brainstem, R superior parietal lobule, B supramarginal gyrus, B angular gyrus, B 

temporal pole, B superior temporal gyrus, R middle temporal gyrus, R precuneus 

cortex, B superior lateral occipital cortex

46, 20, −6 7.24 45928

B occipital fusiform gyrus, B intracalcarine cortex, B supracalcarine cortex, B lateral 

inferior occipital cortex, B occipital pole, L cerebellum

16, −100, 0 5.37   6077

R lateral frontal pole, R middle frontal gyrus −38, 54, 22 4.62   1052

C. SuCCeSSFul SToP – uNSuCCeSSFul SToP

R occipital fusiform gyrus, R lateral occipital cortex, R occipital pole 24, −90, −8 4.38   1419

L occipital fusiform gyrus, L lateral occipital cortex, L occipital pole −16, −96, −12 4.57   1373

R posterior supramarginal gyrus, R angular gyrus, R superior temporal cortex, R middle 

temporal cortex

60, −42, 24 4.07   1180

R precentral gyrus, R postcentral gyrus, R superior parietal lobule, R anterior supra-

marginal gyrus

46, −30, 44 3.96    790

R putamen, R amygdala 20, 6, −16 3.82    696

All clusters survived whole-brain correction at z > 2.3, p < 0.05 and are reported in MNI space (mm). B, bilateral; L, left; R, right.

cant negative correlations between SSRT and successful response 
inhibition in regions relevant to the stopping process, such as the 
right medial prefrontal cortex, bilateral rostral anterior cingulate 

gyrus and paracingulate gyrus, right superior frontal gyrus, bilat-
eral striatum, right subcallosal cortex, bilateral thalamus, right 
STN, right superior parietal lobule, right supramarginal gyrus, 
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gyrus, preSMA, SMA, anterior cingulate cortex and paracingulate 
cortex, pre- and postcentral gyri, insula and frontal opercular 
cortex, striatum, pallidum, thalamus, supramarginal gyrus, supe-
rior parietal lobule, temporal pole, right inferior temporal gyrus, 
and bilateral occipital cortex (Figure 5D; Table 4D). It has been 
proposed that variability in stopping ability may be due to Go 
response time variability (Bellgrove et al., 2004), but the present 
results suggest that variability and inhibitory function are largely 
related to activity in different regions.

Another manner by which to explore successful stopping is to 
compare successful stopping with unsuccessful stopping (Rubia 
et al., 2003, 2007; Li et al., 2006). We examined this contrast as 
well and found that a right-lateralized network including the 
ventral striatum, amygdala, supramarginal gyrus, superior tem-
poral gyrus, and bilateral occipital cortex was significantly active 
(Figure 3C; Table 2C). The limited significant neural activity with 
this contrast supports our previous findings in which the differ-
ences between successful and unsuccessful stopping conditions are 
weak compared to the differences between Stop and Go condi-
tions (Aron and Poldrack, 2006). There were no significant cor-
relations with either age or behavior when comparing successful 
to unsuccessful stopping.

PredIctIve analysIs
Each of the contrasts outlined above (successful go – baseline, 
successful stop – successful go, and successful stop – unsuccess-
ful stop) was entered into the predictive analysis to determine 
how well each label value could be predicted from fMRI data. We 
found that none of the label values (age, SSRT, GoRT, and SDRT) 
could be significantly predicted from successful go – baseline 
or successful stop – unsuccessful stop (Figures 6A,C). Instead, 
predictive accuracy was specific to successful response inhibi-
tion (as defined by the contrast successful stop – successful go) 

right parietal and central opercular cortex, right temporal pole, 
right superior temporal gyrus, right middle temporal gyrus, and 
right cerebellum. People with better inhibitory performance had 
more brain activity in these regions (Figure 5B; Table 4B). We 
also found a significant positive correlation between GoRT and 
left-lateralized activity in the insula, superior temporal gyrus 
and transverse temporal gyrus (including the auditory cortex), 
and middle temporal gyrus, suggesting that when the auditory 
cortex was more engaged, GoRTs on the Go task were slower 
(Figure 5C; Table 4C). Lastly, we found regions that were sig-
nificantly negatively correlated with SDRT, including mostly left-
lateralized frontal pole, middle frontal gyrus, superior frontal 

FIguRe 4 | Regions showing correlations between successful going vs. baseline and (A) median Go response time (GoRT) and (B) the standard deviation of Go 
response time (SDRT). All correlations were corrected at the whole-brain level at z > 2.3, p < 0.05. For cluster details, see Table 3.

Table 3 | Clusters of activity associated with correlations between 

successful going vs. baseline and (A) median Go response time (GoRT) 

and (B) the standard deviation of Go response time (SDRT).

Region Coordinates Max z extent 

 (x,y,z in mm)  (voxels)

A. NegATIve goRT

L angular gyrus, L superior −42, −56, 46  3.38  614 

lateral occipital cortex

R middle frontal gyrus,  42, −2, 56 3.74 395 

R precentral gyrus

B precuneus cortex −2, −74, 50 3.47 291

B. NegATIve SDRT

L postcentral gyrus, −38, −32, 66 3.93 268 

L supramarginal gyrus

There were no significant correlations for this contrast with age or SSRT. All 
clusters survived whole-brain correction at z > 2.3, p < 0.05 and are reported in 
MNI space (mm). B, bilateral; L, left; R, right.
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FIguRe 5 | Regions showing correlations between successful stopping vs. successful going and (A) age, (B) SSRT, (C) median Go response time (GoRT) and (D) 
the standard deviation of Go response time (SDRT). All correlations were corrected at the whole-brain level at z > 2.3, p < 0.05. For cluster details, see Table 4.

Table 4 | Clusters of activity associated with correlations between successful stopping vs. successful going and (A) age, (B) SSRT, (C) median Go 

response time (GoRT) and (D) the standard deviation of Go response time (SDRT).

Region Coordinates 

(x,y,z in mm)

Max z extent 

(voxels)

A. NegATIve Age

L medial prefrontal cortex, L rostral anterior cingulate cortex −12, 28, 14 4.00 310

B. NegATIve SSRT

R medial prefrontal cortex, B rostral anterior cingulate cortex, B paracingulate gyrus, R superior frontal gyrus, B 

striatum, R subcallosal cortex, B thalamus, R subthalamic nucleus

−4, 16, 36 4.51 4959

R supramarginal gyrus, R superior parietal lobule, R parietal opercular cortex, R central opercular cortex, R 

temporal pole, R superior temporal gyrus, R posterior middle temporal gyrus

64, −18, 4 4.91 2025

R cerebellum 40, −80, −20 4.19 555

C. PoSITIve goRT

L insula, L superior temporal gyrus, L middle temporal gyrus, L transverse temporal gyrus −42, −26, 8 3.92 427

D. NegATIve SDRT

L superior frontal gyrus, B anterior cingulate gyrus, B paracingulate gyrus, L pre-supplementary motor area, B 

supplementary motor area, B precentral gyrus, L postcentral gyrus, L posterior cingulate cortex, L 

supramarginal gyrus, L posterior middle temporal gyrus, L inferior lateral occipital cortex

−66, −54, 6 5.59 4022

R posterior inferior temporal gyrus, R cuneal cortex, R lateral occipital cortex, R occipital pole 20, −82, 24 3.69 1358

L superior parietal lobule, L cuneal cortex, L superior lateral occipital cortex −28, −58, 36 3.53 705

L insula, L frontal opercular cortex, L caudate, L putamen, L pallidum, L thalamus, L temporal pole −32, 8, 6 4.24 669

B precuneus cortex 12, −46, 20 3.33 558

R parietal opercular cortex, R supramarginal gyrus 52, −46, 20 4.85 511

L frontal pole, L middle frontal gyrus −50, 44, 14 3.57 493

All clusters survived whole-brain correction at z > 2.3, p < 0.05 and are reported in MNI space (mm). B, bilateral; L, left; R, right.

and the labels that have been shown in previous literature to be 
related to response inhibition, namely age and SSRT (Figure 6B). 
Significant above-chance  prediction of age from fMRI data was 

obtained using Gaussian process  regression with linear [mean 
r(predicted, actual) = 0.51, p = 0.003] and squared exponen-
tial (mean r = 0.38, p = 0.016) kernels, as well as with a linear 
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FIguRe 6 | Correlations between actual label values for age, SSRT, goRT, 
and SDRT and predicted label values for (A) successful go – baseline, 
(B) successful stop – successful go and (C) successful stop – unsuccessful 
stop. Correlations shown for all three methods of prediction: Gaussian process 
regression with a linear kernel (GPR linear), Gaussian process regression with 
a squared exponential kernel (GPR exp), and linear support vector machine 
(SVM) regression. Blue lines depict the 95th percentile of an empirical null 

distribution, whereas the error bars depict the 95% confidence interval of 
correlation values across cross-validation samples. Thus, the blue depicts the 
threshold for statistical significance against the null hypothesis of zero 
predictability, whereas the error bars depict the stability of the prediction 
estimates across samples. Note that only predicted age and SSRT label values 
during successful stop – successful go are significantly related to actual 
age and SSRT.

support vector machine (mean r = 0.47, p = 0.010). Significant 
above-chance prediction of SSRT from fMRI data was obtained 
using Gaussian process regression with linear (mean r(predicted, 
actual) = 0.39, p = 0.028) and squared exponential (mean r = 0.49, 
p = 0.002) kernels, as well as with a linear support vector machine 
(mean r = 0.43, p = 0.017). The mean prediction accuracy for 
the permutation runs for both age and SSRT was very close to 
zero (ranging between −0.011 and −0.036 across all classifiers 
and labels), suggesting that there was no systematic bias due to 
the prediction method.

Sensitivity maps displaying which neural regions are most pre-
dictive of both age and SSRT were obtained for the linear Gaussian 
process regression (it is not possible to create such maps for the 
non-linear case; Figures 7A,B).

dIscussIon
According to the race model of stop-signal response inhibition 
(Logan and Cowan, 1984), SSRT is a measure of the time needed 
to engage an inhibitory process. Individual differences in this 
quantity have long been linked to development (Williams et al., 
1999) and impulsivity (Logan et al., 1997); they have also shown 
significant impairments in impulse control disorders such as 
ADHD (Logan et al., 2000; Lijffijt et al., 2005), substance use 
(Fillmore and Rush, 2002; Monterosso et al., 2005), and OCD 
(Chamberlain et al., 2006). However, some of these groups also 
appear to show increased variability in their performance on 
the primary (go) task as well (Williams et al., 1999; Lijffijt et al., 
2005), which could inflate the estimated SSRT value. We strove 
to demonstrate that SSRT, not SDRT, is critically related to suc-
cessful response inhibition. We found that both SSRT and SDRT 
were correlated with neural activity during successful inhibition, 
but only SSRT was predictable from that neural activity. This 

supports the claim that SSRT is the only behavioral variable criti-
cally related to the neural mechanisms of response inhibition. 
Moreover, we sought to extend previous findings that age and 
SSRT are related to the neural correlates of successful response 
inhibition by demonstrating that neural activity is predictive of 
these variables. Our results supported this claim as well, given 
that age and SSRT were the only two variables that could be pre-
dicted by neural activity, and that they were specifically predicted 
by neural activity during successful response inhibition, but not 
successful response execution.

Using a standard GLM analysis, we found much of the vari-
ability in neural activity in regions typically involved in successful 
response inhibition performance, such as the anterior cingulate 
gyrus, superior frontal gyrus, striatum and STN, was uniquely 
correlated with SSRT, while a widespread network of regions not 
specific to response inhibition were correlated with SDRT, including 
much of the left prefrontal cortex and primary sensory and motor 
areas. One region, a portion of the rostral anterior cingulate gyrus, 
showed activity related to age. Additionally, only one region, which 
included the superior, middle, and transverse temporal gyri, showed 
activity related to GoRT. During successful Go task performance, 
only response time behavior was related to neural activity (both 
GoRT and SDRT).

While the GLM analysis was useful in determining where neu-
ral activity was related to age or performance, we could not use 
those results as an indication of how neural activity may predict 
those variables. Thus, we implemented three methods of predictive 
analysis (Gaussian process regression with a linear kernel, Gaussian 
process regression with a squared exponential kernel, and support 
vector regression) to determine which aspects of the stop-signal 
task caused neural activity that was predictive of age or behavioral 
performance across individuals.
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We found that neural activity during successful response 
inhibition as defined by contrasting successful stopping vs. suc-
cessful going was predictive of age and SSRT, but not GoRT or 
SDRT. This was the case even though there were significant cor-
relations between SDRT and activation during successful inhi-
bition in our standard GLM analysis. This discrepancy between 
significant correlations and unsuccessful prediction may reflect 
the fact that the correlations were driven by a small number of 
observations. It also highlights the need to be careful regarding 
the conflation of correlation and prediction, as is common in the 
neuroimaging literature.

Additionally, we found that neural activity during successful Go 
task performance was not predictive of age or any behavioral vari-
ables. Taken together, these results imply that individual differences 
in SSRT are specifically related to response inhibition processes as 
opposed to response execution processes. Further evidence for a 
linkage between developmental changes in SSRT and changes in 
inhibitory processing was seen in that similar neural regions were 
predictive of both age and SSRT, including regions known to be 
utilized during successful motor inhibition, such as the right IFG, 
the striatum and the right STN. Lastly, individual differences in 
SSRT were related to inhibitory processes and not variability of 
Go task performance.

It is important to note that any conclusions from the present 
results must be qualified by the fact that only a small portion of 
the possible space of statistical learning methods was chosen. In 
particular, though we examined a range of statistical machines (lin-
ear and non-linear support vector machines and linear Gaussian 
processes), it could be the case that other methods would be more 

sensitive to specific effects. In addition, we did not employ any fea-
ture selection but rather included whole-brain data in the analyses. 
Finally, additional parameter optimization could have potentially 
improved predictive performance. However, the presence of signifi-
cant results across multiple methods suggests that the significant 
prediction observed here is at least somewhat robust to methodo-
logical choices.

The current findings support and extend much previous devel-
opmental and response inhibition research. It has been demon-
strated that cortical and subcortical neural regions involved in 
response inhibition are not fully developed structurally (Giedd 
et al., 1999; Sowell et al., 1999) or functionally (Casey et al., 2000) 
until adulthood. More specific to response inhibition, previous 
studies have demonstrated that adults have greater activity in the 
right IFG, a brain region known to be critical for successful response 
inhibition (Bunge et al., 2002; Durston et al., 2002; Rubia et al., 
2007), and that response inhibition ability increases with increas-
ing age (Casey et al., 1997; Williams et al., 1999; Durston et al., 
2002). Even in fully developed, healthy adults, right IFG activity 
has been shown to be related to response inhibition ability (Aron 
and Poldrack, 2006). Therefore, the current study extends these 
correlational findings by demonstrating that neural activity during 
successful response inhibition in the right IFG, the striatum and the 
right STN is predictive of age and SSRT. It is important, however, 
to qualify that even though we extended the results of previous 
research from correlational to predictive, without a direct manipu-
lation of neural functioning (i.e., a lesion or TMS), we cannot make 
strong claims about the causal relationship between regional brain 
function and behavior.

FIguRe 7 | Sensitivity maps for predictability of (A) age and (B) SSRT 
from successful stop – successful go contrast. Units are regression weights 
from the linear Gaussian process regression classifier. Orange areas 
are those that positively predict the label value; blue areas are those 

that negatively predict the label value. The color bars indicate the scale for 
each contrast. It is important to note that these regions may reflect the 
sensitivity of a particular classifier and could potentially change with 
different classifiers.
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A debate in developmental neuroscience centers around how 
researchers can tease apart age-related neural differences from per-
formance-related differences, especially when performance improves 
with age, as occurs in the stop-signal task (Durston and Casey, 2006). 
The results from our predictive analysis indicate that patterns of 
neural activity during successful response inhibition predicted both 
age and SSRT equally well in our participants. This implies that in a 
task where age and performance are inextricably linked, a combina-
tion of age effects and performance effects underlies neural activity. 
Future research could further enhance our knowledge of the relation-
ship between age and SSRT by more specifically exploring whether 
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