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Abstract

The Balloon Analog Risk Task (BART) is increasingly used to assess risk-taking behav-
ior and brain function. However, the brain networks underlying risk-taking during the
BART and its reliability remain controversial. Here, we combined the activation likeli-
hood estimation (ALE) meta-analysis with both task-based and task-free functional
connectivity (FC) analysis to quantitatively synthesize brain networks involved in risk-
taking during the BART, and compared the differences between adults and adoles-
cents studies. Based on 22 pooled publications, the ALE meta-analysis revealed multi-
ple brain regions in the reward network, salience network, and executive control
network underlying risk-taking during the BART. Compared with adult risk-taking,
adolescent risk-taking showed greater activation in the insula, putamen, and prefron-
tal regions. The combination of meta-analytic connectivity modeling with task-free
FC analysis further confirmed the involvement of the reward, salience, and cognitive
control networks in the BART. These findings demonstrate the core brain networks
for risk-taking during the BART and support the utility of the BART for future neuro-
imaging and developmental research.
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1 | INTRODUCTION

The Balloon Analog Risk Task (BART), originally developed by Lejuez
et al. (2002), is one of the most widely used paradigms for assessing risk-
taking propensity and behavior. In the BART, Each pumping can either
inflate the balloon and increase the monetary reward or lead the balloon
to explode and lose all of the monetary rewards for this trial. The average
number of pumps for the balloons provides an objective assessment of
participants' risk-taking propensity. The larger number of pumps partici-
pants made for each balloon, the greater risk level participants are willing
to take. Due to its high ecological validity, the BART was widely used to
explore the real-life risky behavior (Aklin et al., 2005; Lejuez et al., 2002;
Lejuez, Aklin, Jones, et al., 2003; Lejuez, Aklin, Zvolensky, et al., 2003;
Lejuez et al., 2007; MacPherson et al., 2010), personalities (Mishra &
Novakowski, 2016; Parkinson et al., 2012), psychophysiological pro-
cesses and disorders (Lei et al., 2017). A recent review found that, com-
pared with the lowa gambling task (IGT), delay discounting task, and
other decision tasks, the BART is the most sensitive task to detect alco-
hol users' risk-taking behavior (Harmon et al., 2021).

Many previous studies have adopted the BART to explore the neu-
ral basis and brain networks of risk-taking behavior, especially adoles-
cent risk-taking behavior (e.g, Chiu et al, 2012; Claus &
Hutchison, 2012; Hoffmann et al., 2018; McCormick & Telzer, 20173,
2017b; Pei et al., 2020; Qu, Fuligni, et al., 2015; Telzer et al., 20133,
2013b). A pioneering work from Rao et al. (2008) combined the BART
with functional Magnetic Resonance Imaging (fMRI) and reported that
risk-taking in the BART recruited multiple regions in the mesolimbic-
frontal network. However, neuroimaging research evaluating test-
retest reliability of the BART yielded inconsistent results. One study
demonstrated that the activation patterns related to the BART showed
moderate to high reliability (Li et al., 2020), while another found that
the test-retest reliability across different brain regions were not good
enough (ICCs of 0-0.8) (Korucuoglu et al., 2020), especially in the insula
and anterior cingular cortex (ACC). The BART is also a pioneering
behavioral paradigm to identify adolescent risk-taking behavior (Lejuez,
Aklin, Jones, et al., 2003; Lejuez, Aklin, Zvolensky, et al., 2003; Banducci
et al., 2015; Braams et al., 2015). Some studies demonstrated that ado-
lescents had higher risk preference than adults (Blankenstein & van
Duijvenvoorde, 2019; Van Den Bos & Hertwig, 2017), while some
other studies found that risk tolerances were similar between adoles-
cents and adults (Blankenstein et al., 2016). Canning et al. (2021) attrib-
uted these debates to differences in study paradigms, which may
measure different psychological processes (Bishara et al., 2009). To ree-
valuate the issues mentioned above, more comprehensive meta-
analyzes research is needed to explore the neural basis and neurodeve-
lopmental differences of risk-taking during the BART. Here, we con-
ducted a quantitative meta-analysis using the activation likelihood
estimation (ALE) technique to obtain unbiased, objective, and statisti-
cally based results (Eickhoff et al., 2012). The ALE meta-analysis is also
able to yield specific coordinates of reported foci that can filter out mis-
labeling of regions in primary studies (Fusar-Poli et al., 2011).

The BART demands little learning effort from participants, there-
fore serves as a better paradigm to resolve debates on neural

accounts for risk-taking differences between adults and adolescents
than other tasks (e.g., IGT) (Braams et al., 2015). The neurodevelop-
mental imbalance model posits that the hyperresponsiveness of the
reward system overrides the pubertal-maturational cognitive control
system to ultimately increase adolescent risk-taking (Casey
et al., 2008). By contrast, a new model named the life-span Wisdom
Model holds an alternative view, proposing that the cognitive control
system and reward system rise in tandem during adolescent risk-tak-
ing. Accordingly, adolescent risk-taking behavior could be considered
as a form of adaptive exploratory behavior (Romer et al., 2017). The
present meta-study will further conduct a contrast analysis between
adult and adolescent groups to ascertain the neural basis underlying
their different risk-taking behavior.

Moreover, the neural networks underlying risk-taking need to be
validated by large-scale functional connectivity (FC) analyzes. Using syn-
chronized spontaneous signal fluctuation to capture task-free FC, the
resting-state functional connectivity (RSFC) networks have been shown
to play a pivotal role in a range of cognitive and brain functions (Barkhof
et al.,, 2014; Filippini et al., 2012; Smith et al., 2009). The RSFC has also
been used to study brain networks related to the BART risk-taking
behavior (Hobkirk et al., 2019; Huo et al., 2020). For example, Hobkirk
et al. (2019) found that risk-taking behavior during the BART was associ-
ated with cognitive control network and reward network coupling.
Another study demonstrated that the RSFC between the hippocampus
cortex and insula, which are the portion of the emotional and motiva-
tional control network, was related to the BART active pumps (Huo
et al., 2020). However, the results of RSFC may be blunted by its uncon-
trolled nature. In recent decades, a popular way to implement FC is a
data-driven approach called “meta-analytic connectivity modeling”
(MACM), which was used to robustly determine the connectivity pattern
of a given region of interest based on an extensive data set (Eickhoff
et al,, 2010, 2011). The task-based MACM can investigate which brain
regions have a consistent coactivation tendency across a diverse set of
tasks with particular brain regions (Langner & Camilleri, 2021). Besides, a
new tendency of FC is to combine RSFC and MACM to provide compre-
hensive information about the given functional network (Bellucci
et al,, 2018; Cieslik et al., 2016; Gu et al., 2019; Langner et al., 2018).
Moreover, RSFC and MACM are well-established methods. The common
goal of these two techniques is to identify the brain networks interacting
with the regions of interest (ROI). The combination of these two FC
methods may promote the homogeneity of brain network results and
further generalize those FC results (Hardwick et al., 2015). Therefore,
the present study also aims to comprehensively explore the neural sys-
tems related to BART by combing MACM and RSFC.

To summarize, this study executed a meta-analysis of fMRI stud-
ies using the coordinate-based ALE technique to identify an unbiased
neural substrate of the BART (Turkeltaub et al., 2002). Then, we con-
ducted a contrast analysis between the adolescent group and the
adult group to examine the neural substrates accounting for age dif-
ferences in the BART. Furthermore, we implemented task-based func-
tional analysis-sMACM and task-free functional analysis-RSFC to
explore their conjunction and reveal the connectivity patterns of risk-

taking brain regions.



WANG ET AL.

WILEY_L %%

2 | MATERIALS AND METHODS
21 | Primary ALE meta-analysis
2.1.1 | Literature search and selection

The primary risk-taking meta-analysis related to active pumps was
conducted. The pertinent articles were restricted across systematic
including ISI  Web of

webofknowledge.com), PubMed (www.pubmed.com), ScienceDirect

online databases, Science  (www.
(www.sciencedirect.com). The search keywords included (“Balloon
Analog Risk Task” OR “BART”) AND (“fMRI” OR “neuroimaging”).
Furthermore, we searched other additional sources, including Brain-
Map Sleuth (www.brainmap.org); Neurosynth (www.neurosynth.org/);
the reference list and citation indices of relevant articles and reviews

(Korucuoglu et al., 2020; Li et al., 2020; Mohr et al., 2010; Wu

TABLE 1 List of articles included in the risk-taking meta-analysis
Study Sample size Age
Adults

Claus & Hutchison (2012) 79 21-54
Fukunaga et al. (2012) 16 18-23
Galvan et al. (2013) 43 17-21
Kohno et al. (2015) 60 18-51
Lei et al. (2017) 37 23119
Pan et al. (2019) 35 19-40
Qu et al. (2019) 46 M=19.19
M =19.59
Rao et al. (2008) 14 21-35
Rao et al. (2010) 18 44-64
Rao et al. (2018) 222 18-25
Raymond et al. (2020) 31 18-28
Schonberg et al. (2012) 16 21-26
Tisdall et al. (2020) 116 20.4-30.1
Adolescence
Chiu et al. (2012) 19 14.3-17
Claus et al. (2018) 198 14-18
Hoffmann et al. (2018) 75 10-14
McCormick & Telzer (2017a) 77 8.1-17.7
McCormick & Telzer (2017b) 58 13-17
Pei et al. (2020) 83 16-17
Qu et al. (2015) 22 15.4-18.4
Telzer et al. (2013a) 48 14-16.5

Telzer et al. (2013b) 46 14-16

et al., 2021). This comprehensive literature search was implemented
on January 13, 2021 according to the PRISMA guidelines (Shamseer
et al., 2015). These studies were further considered according to the
following criteria: (i) the risk-taking behavior was measured using the
BART; (ii) fMRI was used as the imaging modality; (iii) the study
applied whole-brain analysis instead of the region of interest [ROI]
analysis; (iv) the study was published in a peer-reviewed journal;
(v) the brain coordinates were reported in standardized stereotaxic
space (Talairach or Montreal Neurological Institute, MNI). For the
coordinates reported in Talairach, Brett's algorithm implemented in
GingerALE software (version 3.0.2, https://www.brainmap.org/ale/)
was used to convert them into MNI space serving to conduct ALE
meta-analysis. With the criteria mentioned above, 22 experiments
with 1359 subjects (an average of 62 subjects per experiment) were
identified as eligible for meta-analysis of risk-taking (Table 1 and
Figure 1). It should be noted that the present study pooled the

Contrast MNI/Talairach No. of foci
Mean pumps MNI 11
Linear pumps

Chooselnflate*P (explode) MNI 4
Pumps parametric MNI 19
Average pumps

Active pumps > baseline MNI 8
Active pumps > baseline MNI 1
Active pumps > baseline MNI 9
Active pumps > baseline MNI 19
Pumps parametric MNI 15
Pumps parametric MNI 22
Active pumps > baseline MNI 16
Pumps > control pumps MNI 8
Pumps parametric MNI 12
Average pumps

Pumps > control pumps MNI 23
Pumps > baseline Talairach 15
Mean pumps MNI 20
Linear pumps

Pumps > baseline MNI 3
Pumps > baseline MNI 9
Pumps after positive feedback MNI 34
Pumps after negative feedback

Pumps parametric MNI 9
Pumps > baseline MNI 18
Pumps > control pumps MNI 13
Pumps > control pumps MNI 13


http://www.webofknowledge.com
http://www.webofknowledge.com
http://www.pubmed.com
http://www.sciencedirect.com/
http://www.brainmap.org
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FIGURE 1 The flow chart of the
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publications for both healthy and clinical populations for primary
meta-analysis under the declaration that at least 20 experiments into
ALE analysis are sufficient for moderate effects (Eickhoff et al., 2016).
Similarly, the present meta-analysis included participants from broad
age groups (from 8 to 64 years old). The coordinates in the within-task
contrast (e.g., active pumps vs. baseline) and between-task contrast
(e.g., active pumps vs. control task) were also included (for details see
Table 1).

2.1.2 | ALE analysis

To determine the brain regions across the remained studies, a
coordinate-based meta-analysis was conducted using the ALE algo-
rithm implemented in MATLAB 2016b (Eickhoff et al., 2009, 2012).
This algorithm converses the foci reported in different functional or
structural neuroimaging studies with activating foci in standardized
space (Turkeltaub et al., 2002). The widths of spatial probability distri-
bution interpreted by foci were based on empirical estimates of spa-
tial uncertainty based on between-template and between-subject
variability of the functional or structural neuroimaging data (Eickhoff
et al.,, 2009). The ALE algorithm weighted the between-subject vari-
ability based on the sample sizes of studies. The ALE algorithm mod-
eled smaller Gaussian distributions and presupposed a more reliable
“true” activation for a larger number of subjects (Eickhoff
et al., 2009).

With the maximum probability related to anyone's focus for each
voxel, the individual modulated activation maps were created. And
then, the ALE map was obtained by calculating the modulated activa-
tion maps (Turkeltaub et al., 2012). ALE map could be estimated as a
null distribution of random spatial association between included stud-
ies by using a nonlinear histogram integration algorithm (Eickhoff
et al., 2009). The threshold at a cluster-level family wise error (FWE)

correction at p < .05 with a cluster defining threshold of p < .001 and
10,000 permutations was used to assess the significant P map
(Eickhoff et al., 2009; Eklund et al., 2016). In order to get unbiased
results, clusters were defined as significant only if they met the crite-
rion: (i) at least two studies contribute same clusters; (ii) the contribu-
tion of the most dominant experiment (MDE) on a significant cluster
is <50%, and the 2MDEs are <80% (Eickhoff et al., 2016; Bellucci
et al., 2018). To obtain experimental contributions, the fraction of the
ALE value was computed. The average nonlinear contribution of each
experiment to the ALE value can be obtained by computing the ALE
value's ratio at the location of the cluster with and without the experi-
ment included (Eickhoff, Laird, et al., 2016).

2.2 | Validation analysis

To check the validation of primary active pumps' ALE results, we con-
ducted an additional analysis. Specifically, to confirm that a single
experiment did not drive the primary meta-analysis results, we per-
formed a leave-one-experiment-out (LOEO) analysis. On each fold,
we dropped one experiment and conducted the ALE meta-analysis
based on the remaining N-1 experiments. All ALE maps were also
thresholded as primary meta-analysis using a cluster-level FWE cor-
rected p < .05 with a cluster-forming threshold of p < .001 for correct-

ing multiple comparisons.

2.3 | Contrast and conjunction analyzes between
adults and adolescents

We further carried out contrast and conjunction analyzes to examine
the distinct and common neural substrates of risk-taking behavior

between adults and adolescents. The studies in which the
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participants' ages were older than 18 years old were included as
adults whereas the studies in which the participants' ages were
younger than 18 years old were included as adolescents (Jones
et al., 2003). Based on the age range of participants, the total
22 experiments enrolled in the primary meta-analysis were divided
into the adult group (13 experiments) and the adolescent group
(9 experiments). The voxel-wise difference between adult and ado-
lescent ALE maps was calculated. Then, the difference between each
voxel's ALE values was compared. A null distribution of difference
ALE value was calculated by repeating 25,000 times of this process.
The ALE maps were thresholded posterior probability set at
p > 95%. For the conjunction analysis, all the ALE maps were thre-
sholded, and the conjunction map was obtained by simply identifying
the intersection between the adult and adolescent ALE results
(Eickhoff et al., 2011; Wu et al., 2021).

24 |
mapping

Task-based meta-analytic connectivity

To further explore the functional role of the brain regions obtained
from the primary ALE meta-analysis results, we conducted MACM
analyzes based on the BrainMap database (http://www.brainmap.org/
). This new method produces data-driven FC maps on seed regions,
which were defined around the peak coordinates using a 10-mm
radius (Bellucci et al., 2018). For our analysis, studies investigating age
difference, experimental design, handedness, and disease were
excluded while the focus of ROIs reported by experiments was
included. Then, the whole-brain peak coordinates of these experi-
ments were downloaded for the following ALE meta-analyses. The
independent MACM analyzes were implemented with ACC, left cau-
date, right putamen, left insula, right insula, right dIPFC as ROls. The
method of the thresholded ALE maps was the same as the primary
ALE meta-analysis (FWE correction at p <.05 and with a cluster-
forming threshold of p <.001). And the corrected ALE maps were
converted into Z-scores for display.

2.5 | Task-free connectivity: RSFC analyzes

To complement task-based connectivity derived from MACM ana-
lyzes, we defined the brain regions obtained from the primary meta-
analysis as seed regions and conducted task-free connectivity
assessed with whole-brain RSFC. We recruited 74 healthy adults (age
range: 21-50 years, 44 male) to obtain the resting-state fMRI images.
All participants had no history of mental illness and were all right-
handed. This study was approved by the Institutional Review Board of
the University of Pennsylvania. All participants provided written
informed consent, which was in accordance with the Declaration of
Helsinki. And participants were compensated for their participation.
The seed-based FC analyzes were conducted with the seed regions in
primary ALE. The details depicting the progress of RSFC analysis were
provided in the Supporting Information.

2.6 | Identification of the neural network in
the BART

The key aim of the present studies was to define an extended risk-
taking brain network method by the BART through identifying the neu-
ral connectivity with brain regions responsible for active pumps. We
evaluated the robust brain regions in task-based and task-free FC with
the ROIs following the workflow of previous studies (Camilleri
et al., 2018). First, the task-based and task-free FC maps were obtained
from the FC analyzes mentioned above for each seed. Then, we used
the minimum statistic to implement conjunction analyzes across MACM
and FC connectivity maps for each ROI (Nichols et al., 2005). The con-
sensus FC maps were obtained. These conjunctional maps indicated
that the brain regions in these maps were consistently interacting with
each ROI across distinct brain states (Hardwick et al., 2015). Then, the
extended active pumps network was delineated by the significant over-
lap between consensus connectivity maps, which needed to show sta-
tistically significant MACM and FC connectivity with more than half of
the seeds. Additional extended thresholds of 20 voxels and a 5 mm
connectivity criterion were implemented to exclude smaller areas of
presumably spurious overlap (Camilleri et al., 2018). All anatomical
labelings in the current study were defined by the SPM Anatomy tool-
box (www.fz-juelich.de/ime/spm_anatomy_toolbox, v.2.2b, Eickhoff
et al., 2005, 2007, 2006). MRIcroGL (https://www.mccauslandcenter.
sc.edu/mricrogl/home/) and BrainNetviewer (http://www.nitrc.org/

projects/bnv/, Xia et al., 2013) were used for brain visualizations.

3 | RESULTS

3.1 | Primary meta-analysis results

The primary ALE meta-analysis of 22 included studies that showed
seven brain regions of convergence. These significant clusters were
located in ACC, bilateral insula, right putamen, left caudate, right
dIPFC, and midbrain. The brain maps were displayed in Figure 2. Cor-
responding MNI coordinates of the significant clusters, MDE, and
2MDEs are provided in Table 2.

3.2 | Validation results

Consistent with the primary ALE results, LOEO analysis also found that
the brain regions of bilateral insula, bilateral dIPFC, left caudate, right puta-
men, and midbrain reached activation maxima (Figure 3). These results

demonstrate that the LOEO approach could validate our primary findings.

3.3 |
results

Conjunction and contrast of age difference

The respective ALE results of adults and adolescents were shown in

Figure 4. The conjunction analysis found a common brain region
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TABLE 2 ALE meta-analysis results of active pumps

MNI coordinates (mm)

Brain Anatomical

regions location BA X y z
Rinsula Insula cortex 47 36 20 0
dACC Paracingulate gyrus 24 4 24 34
Linsula Insula cortex 48 -34 20 2

R dIPFC Frontal pole 46 32 50 26
R putamen Right putamen 48 18 8 -4
Midbrain Brain stem = 6 —-22 -12
L caudate Left caudate 25 -12 8 -3

FIGURE 2 Significant clusters from the
primary ALE meta-analysis (FWE correction at
p < .05, with a cluster-forming threshold of

p < .001) for active pumps

Cluster size Contribution

Z score (voxels) experiments MDE 2MDE

7.24 451 18 (81.82%) 11.25% 20.57%
544 404 17 (77.27%) 10.59% 20.06%
6.69 381 17 (77.27%) 9.95% 18.45%
6.22 260 13 (59.09%) 14.26% 27.03%
6.23 209 12 (54.55%) 12.78% 25.35%
5.30 150 10 (45.45%) 16.6% 31.73%
5.50 142 9 (40.91%) 22.13% 35.85%

Abbreviations: ACC, anterior cingulate cortex; BA, Brodmann area; dIPFC, dorsolateral prefrontal cortex; L, left; R, right.Cluster-level FWE correction
(p < .05) with a cluster-forming threshold of p < .001 using 10,000 permutations.

activation in the bilateral insula. The contrast analysis demonstrated
that the right thalamus/midbrain was more activated in the adult
group compared to the adolescent group. And bilateral insula, bilateral
putamen, right dIPFC, and left frontal lobe were more activated in the
adolescent groups than in the adult group (Figure 4 and Table 3).

3.4 | FC analysis by MACM

MACM identified consistent task-based coactivation with the seed

regions of primary ALE results. A total of 588 experiments collected

FIGURE 3 The results of primary
active pumps and LOEO analysis (>80%
folds)

from 9051 unique subjects were identified for the ACC, 742 experi-
ments consisting of 11,894 unique subjects were identified for left
caudate, and 430 experiments with 6704 unique subjects were
identified for right putamen, 524 experiments including 7940
unique subjects were identified for left insula, 752 experiments
with 11,613 unique subjects were identified for right insula, and
147 experiments including 2471 unique subjects for right dIPFC.
The respective FC pattern of MACM based on the seed regions of
primary ALE results were shown in the supplemental materials
(Figure S1 and Table S1). To identify the FC patterns corresponding
to task fMRI, we used the conjunction analysis between these task-
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FIGURE 4 Significant clusters
from the risk-taking for adults
group, adolescents groups, and
conjunction and contrast between
them. (a) Adult risk-taking;

(b) Adolescent risk-taking; (c) The
contrast of adults versus
adolescents, red brain regions
show higher activation in the
adolescent group; green brain
regions show higher activation in (b) adolescence (N=9)
the adult group; (d) The z=0

conjunction of adults and
adolescence. All the results were
thresholded by FWE correction

p < .05 (cluster-forming threshold
of p <.001 using 25,000
permutations)

(a) adults (N =13)
z=0

0

(c) contrast analysis (lladolescence > adults & Madults > adolescence)

z=2 5

based functional coupling maps. Coactivation maps for conjunction
were significant for left caudate, cingulate gyrus, lateral occipital
cortex, supramarginal gyrus, left cerebellum, and planum temporale
(Figure 5b1).

35 |
analysis

FC analysis by resting-state functional

The RSFC analyzes revealed the brain regions whose time courses of
BOLD signals were associated with the seed regions. The respective
FC patterns of RSFC based on ROls defined by primary ALE results
were shown in the supplement (see Figure S2). We also performed a
conjunction analysis based on the obtained task-free functional maps
to detect the resting-state functional coupling. Results demonstrated
that the brain patterns coactive with the brain regions of the BART
were left thalamus, bilateral cerebellum, paracingulate gyrus, frontal
orbital cortex, lateral occipital cortex, as well as posterior cingulate

gyrus (Figure 5b2).

z=23

3.6 |
analyzes

Conjunction across MACM and RSFC

The present study further conducted a conjunction analysis to probe
the common regions identified by the different FC analyzes. Conjunc-
tion across MACM and RSFC analysis indicated a shared network
comprising frontal orbital cortex, right insula, anterior cingulate gyrus,
left frontal pole, right frontal pole, precentral gyrus, left superior parie-
tal lobule, left cerebellum, right supramarginal gyrus, left frontal orbital

cortex, and right posterior supramarginal gyrus (Figure 5c).

3.7 | Difference between MACM and RSFC

analyzes

The contrast of “MACM > RSFC” was shown in Figure 5al. Results
demonstrated that the brain regions showing significantly stronger
connectivity in task-based FC related to the BART included left insula,
frontal orbital cortex, right frontal pole, left lateral occipital cortex,
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TABLE 3 ALE meta-analysis results of risk-taking behavior for adults, adolescence, the conjunction and contrast between them

Cluster size (voxels) Anatomical location

Adults

1 225 Rinsula

2 214 Anterior cingulate gyrus

3 146 L insula

4 121 Brain-stem

5 92 R Frontal pole
Adolescence

1 273 Rinsula

2 226 L insula

3 188 R frontal pole

4 163 R putamen

5 126 Anterior cingulate gyrus

6 125 L frontal pole

7 120 L putamen
Conjunction of adults and adolescence

1 120 Rinsula

2 52 L insula

Adults > adolescence

1 27 R thalamus/midbrain
Adolescence > adults

1 155 R dIPFC

2 120 L insula

3 112 R putamen

4 95 Rinsula

5 87 L putamen

6 85 L frontal lobe

right supramarginal gyrus, brain stem, paracingulate gyrus, right frontal
orbital cortex/right insula, left cerebellum, and right temporal pole.
The contrast of “RSFC > MACM” llustrated areas featuring
stronger task-free FC related to risk-taking (Figure 5a2). This pattern
was significant in the brain regions of right insula cortex, left hippo-
campus, left frontal orbital cortex, right frontal pole, left lateral occipi-
tal cortex, posterior cingulate gyrus, postcentral gyrus, right fontal
pole, right supramarginal gyrus, left lateral occipital cortex, right infe-
rior temporal gyrus, left putamen, left parahippocampal gyrus, left

parahippocampal, and bilateral cerebellum.

4 | DISCUSSION

The present study quantitatively pooled the existing neuroimaging
studies to investigate the critical brain regions involved in the BART.
The primary meta-analysis results showed that the brain regions rele-
vant to the BART were located in dACC, bilateral insula, right puta-
men, left caudate, right dIPFC, and midbrain. Further, the conjunction

MNI coordinates (mm)

BA X y z Peak Z score
46 32 20 -4 5.03
32 6 28 28 5.00
47 -30 22 2 4.46
= 6 —24 -8 5.13
10 36 44 26 4.70
13 32 20 6 6.11
13 -34 20 6 5.87
10 30 52 26 6.62
- 18 10 -4
24 -2 20 38 4.87
10 -30 48 20
- -14 8 -4
13 38 20 2 4.95
13 -30 22 2 4.26
- 6 -22 -4 1.80
9 28 58 26 3.30
13 —-38 14 4 3.20
- 18 12 -10 2.63
13 30 16 6 2.75
- —-18 6 -4 2.66
10 -28 48 24 2.81

analysis of age difference observed that the bilateral insula was the
common brain region underlying adult and adolescent risk-taking.
Contrast analysis suggested that the right thalamus/midbrain had
more activations in the adult rather than the adolescent group. The
brain regions that showed more activation in the adolescent group
were bilateral putamen, right dIPFC, left frontal lobe, and bilateral
insula. The coactive pattern of MACM and RSFC demonstrated that
the BART-related regions were connected to brain networks involved

in reward, salience, and frontal-parietal control network.

41 | The brain regions involved in the BART

The results of the primary meta-analysis showed that the brain
regions related to active pumps in the BART were bilateral insula, right
putamen, left caudate, right dIPFC, dACC, and midbrain. The insula
and ACC are the key nodes of the salience network, which play roles
in switching and assorting between the default mode network and
executive control network (Menon & Uddin, 2010). Right dIPFC is a
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FIGURE 5 The results of the
functional network. (a1) The FC specific
for the MACM and for (a2) RSFC. (b1) The
conjunction analysis specific for MACM
and for (b2) RSFC. (c) The conjunction
analysis across MACM and RSFC

(al) MACM > RSFC

(a2) RSFC > MACM

L

typical part of the executive control network (Xiong et al., 2021). One
study found that when participants' brain regions of dIPFC were dis-
rupted by repetitive transcranial magnetic stimulation, they displayed
more risky behavior (Knoch et al., 2006). The executive network inte-
grates information from the salience network to suppress risky deci-
sions (Menon & Uddin, 2010). The putamen and the caudate comprise
the striatum (Colich et al., 2017). The striatum and the midbrain are
the parts of the brain reward system that play a vital role in reward-
seeking and have been confirmed to influence risk-taking and impul-
sive behavior (Parr et al., 2021). The brain regions in the reward sys-
tem marked an important role in reward expectation and evaluation
(Hinvest et al., 2011), pursuing a large potential payoff (Engelmann &
Tamir, 2009; Bickel et al., 2012), and tracking decision risk (Suzuki
et al., 2016). The dopaminergic projections from the reward system
can be released to the salience network (Preuschoff et al., 2008). Pre-
vious studies found that the salience network and reward network
induced in the BART were correlated with increased risk-taking
behavior (Wagels et al., 2017; Wei et al., 2016). Both the primary ALE
and the LOEO validation analysis demonstrated that the risk-taking

measured during the BART robustly recruited the salience, the
reward, and the executive control networks. These results are recon-
ciled with previous meta-analysis studies. Krain et al. (2006) delin-
eated that risk-decision making engaged brain regions of ACC,
orbitofrontal cortex, lateral frontal, caudate, and thalamus. Mohr et al.
(2010) implicated insula, thalamus, dmPFC, dIPFC, and parietal cortex
in risky decision-making tasks. Recent meta-studies also indicated that
the reward processing systems participated in risk-decision making
(Poudel et al., 2020; Wu et al., 2021).

4.2 | The conjunction and contrast results of the
age difference

The present study further investigated common and different neural
basis between adult and adolescent risk-taking behavior. The conjunc-
tion analysis observed bilateral insula as the common brain region
underlying adult and adolescent risk-taking behavior measured by the

BART. The insula played an important role in monitoring sensory
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information and inputs to executive control brain regions (Menon &
Uddin, 2010). This result indicated that risk-taking behavior of both
adults and adolescents needs to be reconciled by insula.

The contrast analysis revealed that the right thalamus/midbrain
showed more activation in the adult group than in the adolescent
group. This result was consistent with the existing neuroimaging stud-
ies involving age differences. A PET using 6-[(18)F]FluoroDOPA found
a higher midbrain-IPFC interaction of dopamine synthesis in young
adults than in elderly adults (Dreher et al., 2008). According to this
PET evidence, the higher midbrain activation in adults versus adoles-
cents is presumably due to the immature coupling in the adolescent
brain. This conjecture should be addressed by further studies.

Compared with adults, adolescents exhibited more activations in
brain regions of the reward network (bilateral putamen, right thala-
mus), the cognitive control network (right dIPFC, left frontal lobe), and
the salience network (bilateral insula). These results were at odds with
the neurodevelopmental imbalance models, which attributed the ado-
lescent risk-seeking to the consequence of the hyper response of the
reward system overriding the slowly developing cognitive control sys-
tem (Casey et al., 2008). Contradictory to the neurodevelopmental
imbalance models, a meta-study exploring the age difference did not
observe risk-taking differences between early adolescents (11-
13 years) and children (5-10 years). A recent study further challenged
this model, showing that multivariate brain activity metrics of dIPFC
can predict adolescent risk decision tendencies (Moreira et al., 2021).
Unlike the neurodevelopment imbalance models, these results dem-
onstrated that adolescent dIPFC did not crucially have fewer effects
on risk-taking behavior than their reward systems. By contrast, our
result echoed a new theory named the life span wisdom model, which
considers adolescent risk-taking behavior as a form of adaptive
exploratory behavior. According to this model, the cognitive control
system and the reward system rise in tandem during adolescent risk-
taking rather than in an imbalanced way (Romer et al., 2017). The
results and evidence mentioned above suggest that adolescent risk-
taking behavior induces more cognitive control and reward network
than adult risk-taking. These results related to the age difference facil-
itate us to clarify some of the proximal mechanisms underlying devel-

opmental risk-taking behavior.

4.3 | The brain network of conjunctional FC

We further explored the brain networks that denote brain regions fea-
turing convergent FC with the regions related to risk-taking during
the BART in the task-based and task-free state. As the widely used
method for conventional FC analysis, the RSFC has uncovered the
consensus connectivity networks related to various cognitive pro-
cesses (Smith et al., 2009; Mennes et al., 2013; Zhang & Raichle,
2010). The recently emerging method of MACM provides a distinct
approach to conceiving and quantifying FC throughout various experi-
mental tasks (Eickhoff et al., 2011). These connectivity measures offer
different but complementary ways to conceive and quantify inter-

neuronal communication between multiple brain regions. In the

current study, we combined these two validated methods and uncov-
ered the robust brain networks underlying the BART related risk tak-
ing behavior. The seeds obtained from the primary ALE results
showed a coactivation pattern with bilateral fontal pole, bilateral
superior parietal lobule, lateral middle frontal gyrus, right posterior
supramarginal gyrus, frontal orbital cortex, and anterior cingulate
gyrus. This coactive pattern demonstrated that risk-taking measured
during the BART was connected to brain networks involved in reward,
salience, frontal-parietal cognitive control network. Our risk-taking
network results deviated slightly from the risk brain network obtained
from previous studies. Wu et al. (2021) found that the brain networks
related to risk-processing were reward and salience processing. Our
risk-taking networks had some overlap with their risk-seeking net-
work. Furthermore, we also found that the risk-taking measured dur-
ing the BART recruited the frontal-parietal cognitive control network
involved in ambiguous decision-making. In this vein, the BART might
be prone to engage in measuring both risk-taking and ambiguous
decisions.

44 | BART may gauge both risk-taking and
ambiguous decision

Converging behavioral evidence suggests that the BART may have
better reliability and prediction ability for real-world risky behavior
than other one-shot decision-making tasks. For instance, Lejuez, Aklin,
Jones, et al. (2003) and Lejuez, Aklin, Zvolensky, et al. (2003) found
that data from the BART risk-taking in smokers have more predictive
ability for smoking behavior than the data from the Bechara Gambling
Task. It is also delineated that the risk-taking behavior measured by
the BART is more reproducible and stable than the Columbia Card
Task (Frey et al., 2017). Moreover, although both the BART and the
IGT tasks gauge decision-making under ambiguity, the BART seems to
be more sensitive to risky behavior than the IGT (Stout et al., 2005).
Despite the wide utility of the BART in risk-taking research,
whether the BART measures risk or ambiguity is still an ongoing
debate. Some researchers believe that the BART cannot straightfor-
wardly measure risk conditions but involve mainly decisions under
ambiguity, owing to the unknown probability of exploring (Campbell
et al., 2013; Fecteau et al., 2007). However, others think that the
BART could capture both risky and ambiguous decisions (Canning
et al, 2021; De Groot, 2020; De Groot & Thurik, 2018; Kdbor
et al., 2015; Lighthall et al., 2009). The primary ALE results found that
the BART recruited the right dIPFC, which plays a pivotal role in ambi-
guity. This brain region has been revealed to be involved in ambiguous
decision-making (Krain et al., 2006; Poudel et al., 2020; Wu
et al., 2021). Blankenstein and van Duijvenvoorde (2019) compared
adolescent risky and ambiguous decision-making, showing that dIPFC
tracked the individual differences in the subjective value of an ambig-
uous decision. The new causal evidence delineated that the anodal
stimulation on dIPFC could enhance ambiguity preference but not
risky decision-making (Xiong et al., 2021). Moreover, this result did
not resonate with previous meta-analysis results pertaining to risk
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decision-making. Krain et al. (2006) advocated different neural basis
of risk and ambiguity for the first time by exploiting the meta-analysis
method and found that ambiguous decision was more dependent on
activity in dIPFC. Then, Poudel et al. (2020) conducted a meta-analysis
on the neural basis of risk decision making, ambiguous decision mak-
ing, and perceptual decision making. Results revealed that risk
decision-making recruited the striatum and ACC, while ambiguous
decision-making induced more activity in the lateral prefrontal cortex
and insula than perceptual decision-making. A more recent study by
Wu et al. (2021) made a quantitative comparison between different
types of risk and ambiguity based tasks and found that ambiguity spe-
cifically engaged dIPFC, inferior parietal lobe, and insula. These results
consistently corroborated that dIPFC plays a specific role in ambigu-
ous decision-making. Therefore, the primary ALE results of the
involvement of dIPFC and other brain regions related to risk-taking
suggested that the BART presumably measured both risk and ambigu-
ity. However, the BART is a popular instrument for capturing individ-
ual differences for risk-taking (De Groot, 2020). Some brain regions
have been corroborated to be associated with individual differences
in risk-taking behavior (Blankenstein et al., 2018). In this respect, it is
noteworthy that individual differences cannot be eliminated from the

inconsistent findings mentioned above.

4.5 | Limitations and future directions

The present study has several contributions. Unlike the existing meta-
analysis studies related to risk decision-making (Krain et al., 2006;
Mohr et al., 2010; Poudel et al., 2020; Wu et al., 2021), the present
study specifically included studies using the BART paradigm, which
could exactly explore the neural basis of risk-taking behavior. The pri-
mary ALE analysis and LOEO analysis confirmed that the BART had a
high validity in neuroimage studies. Furthermore, the age difference
measured during the BART was examined. Then, the present study
unraveled the neural systems of the BART by combining RSFC and
MACM. It is noteworthy that we found some different results by
pooling all articles together and removing the abnormal articles. Also,
the left dIPFC showed activations after removing the abnormal
groups. This difference might elaborate the BART's sensitivity to dis-
tinguish normal and abnormal groups.

Considering the sample size and the fact that the ALE method only
incorporates the coordinates of activation, the shortcoming of this
method lies in its inability to consider activation magnitude. Other
meta-analysis methods, such as seed-based D Mapping (SDM)
(Albrecht et al., 2019) and image-based meta-analysis (Salimi-Khorshidi
et al., 2009), might compensate for the shortcoming of the ALE
method. However, some empirical and meta-studies compared ALE and
SDM and found no significant difference between these two methods
(Albrecht et al., 2019; Feng et al., 2021). As for image-based meta-anal-
ysis, this method is based on the statistical parametric maps from the
included studies, which are formidable to obtain (Oldham et al., 2018).
Future imaging studies are encouraged to upload their statistical map

onto neuroimaging databases to probe the aforementioned questions.

Another limitation is that the current meta-analysis includes those
articles that studied both normal and abnormal participants to satisfy
the minimum study size required by the ALE method (Eklund
et al., 2016). Results from the primary ALE including only the normal
group (17 articles, Figure S3) yielded results similar to that including
both groups. Moreover, the winning, the losing, and the cash-out con-
ditions were not investigated in the present analyzes due to the small
number of studies about those condition. Future studies should give
insight into this contrast to advance a neurobiological understanding
of the BART. Moreover, it has been speculated that BART may con-
found risk and reward (Rao et al., 2008). Further studies are needed to
dissociate the neural bases of risk and reward.

5 | CONCLUSIONS

In conclusion, the present study systematically identified the brain
regions and networks involved in the BART and dissociated the brain
regions linked with adult and adolescent risk-taking. Delineating the
neural basis of BART and distinct brain activity related to adult and
adolescent risk-taking in BART may improve the utility of the BART in

future neuroimaging and developmental research.
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