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ABSTRACT

Functional responses in the Nucleus Accumbens (NAcc) to risk- and reward-related cues can predict real-life risk-
taking behavior. Since NAcc activity depends on neurotransmission from connected brain regions, projections to the
NAcc may also predict risk preference. To quantify risk preference, we employed latent variables previously derived
in a comprehensive, independent study examining the psychometric structure of risk preference, which yielded a
general risk preference factor as well as several specific factors, including a factor capturing impulsivity. Informed by
previous work, we preregistered a set of hypotheses concerning the association between different risk preference
factors and fractional anisotropy (or FA, which is sensitive to fiber coherence) for projections to the NAcc from Medial
PreFrontal Cortex (MPFC), Anterior Insula, Amygdala, and an inferior tract from the Ventral Tegmental Area (iVTA). We
tested our hypotheses in a community sample of 125 healthy human adults. As predicted, bilateral iVTA-NAcc tract
FA showed a negative correlation with a psychometric factor that captured impulsivity, generalizing findings from prior
research. Also as predicted, FA of the bilateral Amygdala-NAcc tract was positively associated with the impulsivity
factor. Contrary to predictions, however, we observed no robust associations between the general risk preference
factor and FA for projections from bilateral MPFC, right Anterior Insula, or bilateral Amygdala to the NAcc. Notably,
exploratory unilateral analyses revealed an association between the general risk preference factor and left MPFC-
NAcc tract FA. Taken together, these findings suggest that impulse control as a facet of risk preference maps onto
specific neurobiological targets, while more general facets of risk preference may be supported by structural proper-
ties of lateral fronto-striatal projections. Although the exact associated functional mechanisms remain to be fully
clarified, conNAcctomic approaches like the one presented here could pave the way for further research into the
physiological foundations of risk preference and related constructs.
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1. INTRODUCTION ple uncertain, potentially consequential alternatives, that

Decisions shape the start, course, and end of our lives. is, they involve risk (Aven, 2012; Schonberg et al., 2011).

While some decision scenarios are well defined and lead  Risk preference—the tendency to engage in potentially
to trivial choices, others involve choosing between multi- rewarding activities that have a probability of harm or loss
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(Nigg, 2017)—and its underlying psychological traits are
thought to be consequential for many domains of life,
including wealth, health, criminal activity, and overall
well-being (Moffitt et al., 2011; Steinberg, 2013). Risk
preference, thus, presents a desirable target for interven-
tion (Conrod et al., 2013), with debates about the nature
of risk and the determinants of individuals’ risk propen-
sity unfolding in various disciplines, including psychol-
ogy, economics, and biology (Bernoulli, 1954; Mata et al.,
2018; Mishra, 2014; Slovic, 1964).

Recent multivariate genetic analyses have started to
examine potential biological pathways, showing that
genetic differences can explain common variance in risk
preference, and, importantly, that genetic differences are
predominantly expressed in brain tissue (Karlsson Linnér
et al., 2021). Honing in on specific neural targets, empiri-
cal studies suggested that functional activation in the
nucleus accumbens (NAcc) in response to reward and
risk-related cues can predict real-life risk taking (Leong
et al., 2016; Sherman et al., 2018), and, in a more applied
context, drug-cue-related NAcc activation has been
shown to predict relapse to stimulant use disorder
(MacNiven et al., 2018). Comparative animal studies
(Haber & Knutson, 2010) as well as human anatomical
research (Cartmell et al., 2019) have demonstrated that
the NAcc is a highly connected brain region, leading to the
general question whether characteristics of tracts project-
ing to and modulating signal in the NAcc—which we col-
lectively refer to as the conNAcctome (Tisdall et al.,
2022)—may be associated with individual differences in
risk preference. The conNAcctome encompasses dopa-
minergic and glutamatergic tracts converging on the NAcc
from the Medial Prefrontal Cortex (MPFC), Anterior Insula
(Alns), Amygdala (Amy), and a tract from the Ventral Teg-
mental Area traversing below the Anterior Commissure
(iVTA). Speaking to the importance of a conNAcctomic
approach, dysregulation within ascending dopaminergic
projections from the midbrain to the striatum due to
reduced dopamine autoreceptor availability, for example,
has been demonstrated to account for individual differ-
ences in impulsivity (Buckholtz et al., 2010).

Until recently, studying these tracts involved invasive
methods (Chung & Deisseroth, 2013; Jbabdi et al., 2013;
Leuze et al., 2021) unsuitable for most human research,
but Diffusion-weighted Magnetic Resonance Imaging
(DMRI) offers a noninvasive method to reliably recon-
struct and characterize these projections in vivo
(Alexander et al., 2019; Kai et al., 2022; Lazari & Lipp,
2021). DMRI involves modeling and quantifying the diffu-
sivity (i.e., directedness) of water molecules in the brain
which may support inferences about the structure of
underlying fiber bundles. Diffusion is traditionally sum-
marized by standard yet distinct metrics, including frac-

tional anisotropy (FA) and radial diffusivity (RD) (Lazari &
Lipp, 2021; Suchting et al., 2021). In animal models, the
reduction of lipids has been shown to causally and pre-
dictably influence DMRI metrics (e.g., lower FA and higher
RD; Janve et al., 2013; Leuze et al., 2017; Ou et al., 2009;
Song et al., 2002), suggesting that these metrics can par-
tially index myelination or lipid coherence. FA has, thus,
commonly been used as an index that is sensitive to fiber
coherence, with higher coherence implying more effec-
tive signal transmission between regions. In turn, RD (and
its inverse) has also been linked to varying microstruc-
tural tissue properties, including axon myelination (Beard
et al., 2019; Janve et al., 2013; Song et al., 2002), fiber
spread (Choe et al., 2012), and cell and axon density
(Stolp et al., 2018).

The literature on DMRI approaches offers strong
support for the contribution of conNAcctome tracts to
risk-related phenotypes. For example, reduced FA in
fronto-limbic white matter was associated with future risk
taking in substance-using adolescents (Morales et al.,
2020). Moreover, right Alns-NAcc tract FA has been asso-
ciated with incentivized inhibition (Leong et al., 2018) and
preference for skewed gambles (Leong et al., 2016), and
was predictive of relapse to stimulant drug use (Tisdall
et al., 2022). Furthermore, projections from the Amygdala
have been suggested to be associated with risk tolerance
(Jung et al., 2018). Finally, reduced FA of the iVTA-NAcc
tract has been shown to be associated with impulsivity
(MacNiven et al., 2020) and with stimulant use disorder
diagnosis but not relapse (MacNiven et al., 2020; Tisdall
et al., 2022).

Although these recent findings offer novel insights and,
importantly, may pave the way for intervention and pre-
vention efforts (Poldrack et al., 2018; Shivacharan et al.,
2022), one remaining challenge to progress stems from
the diversity of existing research when it comes to assess-
ing risk preferences. In practice, researchers adopt differ-
ent methods to capture individual differences in risk
preference: self-report measures have a long tradition in
psychological research (Krosnick et al., 2005), and are
used to capture stated preferences (Frey et al.,, 2021;
Mata et al., 2018), while behavioral measures with firm
roots in economics reveal preferences from gamified,
lottery-type tasks (Appelt et al., 2011; Beshears et al.,
2009; Charness et al., 2013; Frey et al., 2021; Mata et al.,
2018). In practice, different measures have repeatedly
been shown to be not or only weakly correlated, with par-
ticularly behavioral measures of risk preference and
related constructs showing low convergence (Frey et al.,
2017, 2021; Mamerow et al., 2016; Mata et al., 2011,
2018; Pedroni et al., 2017). As such, we would expect the
results of studies probing the link between brain tract
structure and risk preference to vary as a function of how
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risk preference was operationalized. This makes the iden-
tification of reliable neural targets for intervention a chal-
lenging endeavor.

In this study, we aimed to tackle the issue of measure-
ment plurality and the resulting divergence of brain-
outcome associations. Specifically, we aimed to avoid
biased estimates stemming from the use of single mea-
sures of risk preference by employing risk preference fac-
tors as our outcome variables. These factors were derived
independently through psychometric modeling based on
39 risk-taking measures collected in a sample of over
1500 young adults (Frey et al., 2017). Combining psycho-
metric risk preference factors with a conNAcctomic
approach, our goal was to examine whether coherence-
sensitive DMRI metrics of specific brain tracts relate to
individual differences in risk preference.

Recent work (Marek et al., 2022) has suggested that
when searching brainwide for brain-behavior associa-
tions, a sample size of hundreds or thousands of partici-
pants is required to establish robust associations, and
relevant genetic associations for risk-related outcomes
(Aydogan et al., 2021) have been reported for very large
datasets. Sample size is of critical importance for the
internal validity of a study, primarily through its impact on
the reliability and precision of the results, as well as the
ability to detect true effects. In this study, we sought to
increase internal validity by (a) carefully selecting brain
and behavioral indices with moderate to high test-retest
reliability (cf. section 2), (b) focusing on a small, a priori
defined set of brain regions previously implicated in the
outcomes under investigation, and (c) exhaustively con-
trolling for confounds. In addition, we preregistered a set
of hypotheses concerning the associations between
brain tract structure and risk preference factors (Table 1).

We based our hypotheses on not only previous empir-
ical findings but also mechanistic explanations, including

Table 1. Research hypotheses for associations between
risk preference and conNAcctome structure (FA and 1/RD).
Selected
Tract Predicted source for
H Factor (hemisphere) association prediction
1 R MPFC-NAcc (Ir) - Morales
et al. (2020)
2 R Alns-NAcc () - Leong et al.
(2016, 2018)
3 R Amy-NAcc (Ir) + Cohen et al.
(2009); Jung
et al. (2018)
4 F4 Amy-NAcc (Ir) + van den Bos
et al. (2014)
5 F4 iVTA-NAcc (Ir) - MacNiven
et al. (2020)

Note. H = Hypothesis; r = right; Ir = bilateral.

the idea that decreased FA between the right Alns and
NAcc might result in the decreased dampening of NAcc-
related reward signal as a function of an affective inhibi-
tory signal originating in Alns (Leong et al., 2016, 2018).
For example, we predicted a negative association
between a general risk preference factor (R) and bilateral
MPFC-NAcc FA (H1), and with right Alns-NAcc FA (H2).
We also predicted an association between R and bilateral
Amy-NAcc FA (H3), but tested a bidirectional hypothesis
due to the heterogeneity of previous findings. For F4, a
factor capturing impulsivity, we predicted a positive
association with bilateral Amy-NAcc FA (H4) but a nega-
tive association with bilateral iVTA-NAcc FA (H5).

2. METHOD

The study was reviewed and approved by the German
Society for Psychology, and the Ethics Committee of the
Max Planck Institute for Human Development. All meth-
ods were carried out in accordance with the relevant
guidelines and regulations. Prior to participation in the
study, all individuals gave written informed consent. The
analyses were preregistered on AsPredicted (https://
aspredicted.org/bx49i.pdf).

2.1. Participants

The participants in this neuroimaging study were recruited
from an existing pool of individuals who had taken part in
the Basel-Berlin Risk Study (BBRS). The overarching aim
of the BBRS is to examine the psychometric structure
and biological underpinnings of risk preference in a large
sample (N = 1507) of young human adults (Dutilh et al.,
2017; Frey et al., 2017; Pedroni et al., 2017; Tisdall et al.,
2022). Participation in the BBRS involves completion of a
laboratory session, during which individuals are assessed
on a large battery of behavioral and self-reported risk-
taking measures, as well as on other individual differ-
ences measures, including cognitive capacity, personality,
affect, and genetics. Further details and summaries of all
BBRS sub-samples and measures are reported on the
BBRS OSF repository (https://osf.io/rce7g). The BBRS
was run in Basel (Switzerland) and in Berlin (Germany);
for this study we only recruited individuals from the Berlin
site due to the location of the scanning facilities available.
Exclusion criteria for participation were any contraindica-
tions with regards to magnetic resonance imaging (MRI)
safety (e.g., safety-limiting non-removable implants), a
history of neurological or psychiatric conditions, reported
use of psychoactive medication or substances, and con-
current psychiatric treatment.

To compensate for participant exclusions (e.g., due to
excessive head motion in the scanner, image artifacts),
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we recruited a total of 133 participants to achieve a
minimum effective sample size of N ~ 100 participants
(Yarkoni, 2009). Two participants aborted the scanning
session before any MRI data were collected; these two
participants were removed from all subsequent analyses.
A further five participants were excluded because the
critical diffusion-weighted imaging sequence necessary
for this project was not collected due to time constraints,
and one additional participant was excluded due to inci-
dental anatomical findings. After exclusions, all analyses
included a sample of 125 young adult human participants
comprising 67 (53.6%) females, with a sample mean age
of 25.19 years (SD = 2.57, range = 20.4-30.1 years).

2.2. Study protocol

We contacted individuals who had previously completed
the BBRS laboratory session by phone and invited them
to a follow-up neuroimaging study. Interested individuals
were initially screened for any MRI-safety contraindica-
tions prior to being enrolled in the study, and again on the
day of the MRI session. All participants provided written
informed consent. Participants were then scanned using
MRI to acquire anatomical and diffusion-weighted images.
We also collected functional scans, but these do not con-
tribute to the current analyses and are not described fur-
ther (cf. Tisdall et al., 2020). Due to the fact that participants
in the MRI session were scanned at different intervals
after completing the laboratory component (median inter-
val = 6.28 months, mean interval = 6.63 months, SD =
3.99 months, range = 1-453 days), we performed supple-
mentary robustness checks to control for interval.

After scanning, participants completed a demographic
questionnaire as well as additional measures that we do
not focus on in the current analyses. Participants received
a base payment of 25 Euro for their participation. In addi-
tion, participants could increase their earnings based on
their decision making in the two functional MRI tasks. All
participants were informed about the incentive structure
and received cash earnings at the end of the session
(mean total earnings = 41.50 Euro, SD = 14.50 Euro).

2.3. Risk preference factors

The quantification of risk preference based on single risk-
taking measures, in particular behavioral measures, runs
into problems of validity, reliability, and convergence
(Enkavi et al., 2019; Frey et al., 2017; Pedroni et al., 2017).
To address these issues, we used risk preference factors
as outcome variables that had previously and inde-
pendently been derived from the psychometric modeling
of 39 risk-taking measures collected in the full BBRS
sample (Frey et al., 2017). Notably, the BBRS included

three broad categories of measures, namely propensity,
frequency, and behavioral measures; see Supplementary
Methods and Table S1 for details concerning specific risk
preference measures and the adopted bifactor model.
The implemented bifactor model extracted a general risk
preference factor, R, and seven orthogonal specific fac-
tors which captured additional domain- or situation-
specific variance. These domain-specific factors were
thought to capture attitudes and behaviors associated
with health risk taking (F1), financial risk taking (F2), rec-
reational risk taking (F3), impulsivity (F4), traffic risk taking
(F5), occupational risk taking (F6), and choices in (mone-
tary) lotteries (F7).

Test-retest reliability for the psychometric factors
(assessed in a sub-sample of 106 BBRS laboratory partici-
pants) was shown to be higher than for any of the behav-
ioral measures; for example, R had a 6-month retest
reliability of 0.85, whereas many of the behavioral measures
tested yielded retest reliabilities below 0.5. In this study, we
focused on factors with test-retest reliabilities above 0.5,
that is, R and all domain-specific factors except F7. Our
main hypotheses concerned R (test-retest correlation
r = 0.85) and the impulsivity-capturing factor F4 (test-retest
correlation r=0.7), but we also conducted exploratory
analyses on the remaining domain-specific factors. Factor
values for the current MRI sample were approximately nor-
mally distributed (Fig. 1, panel A; Supplementary Materials)
and mainly orthogonal (Fig. 1, panel B).

2.4. Scan acquisition

Neuroimaging data were collected at the MRI Laboratory
at the Max Planck Institute for Human Development
(Berlin, Germany) on a 3T Siemens MRI system with a
12-channel head coil. For the DMRI, we used a single-
shot echo-planar imaging sequence with the following
parameters: b = 1000 s/mm?, 61 diffusion directions,
TR =10 s, TE = 94 ms, fat saturated flip angle = 110°,
FOV = 208 mm x 208 mm, 69 axial slices, and voxel
dimensions = 2.0 mm isotropic. At the beginning of the
DMRI scan, we acquired eight non-diffusion weighted
images (b = 0 s/mm?). A structural T1-weighted scan was
acquired for every participant at the start of the MRI
session via a magnetization-prepared rapid gradient
echo sequence (repetition time = 2500 ms, echo time =
4.77 ms, inversion time = 1100 ms, flip angle = 7°, FOV =
256 mm x 256 mm, 192 slices, voxel dimensions = 1.0 mm
isotropic).

2.5. ConNAcctome volumes of interest (VOI)

We focused on four tracts projecting to the NAcc (Fig. 2),
namely from the MPFC, Alns, Amy, and Ventral Tegmental
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Fig. 1. Risk preference factors. (A) Distribution of the general and domain-specific risk preference factors. (B) Correlation

analyses between the psychometric factors for the MRI sub-sample of the BBRS (N = 125) confirms orthogonality
between the factors. R = General, F1 = Health, F2 = Financial, F3 = Recreational, F4 = Impulsivity, F5 = Traffic,

F6 = Occupational.

Fig. 2. ConNAcctome tracts. (A) Schematic with previously demonstrated directionality of projections. (B) Tracts in a
representative subject’s AC-PC aligned native brain space. (C) Group tract templates in MNI space.

Area (VTA) (Haber & Knutson, 2010). For the seed-based
tractography in individuals’ native space, we defined the
NAcc, Alns, and Amy VOIs based on automated tissue
segmentation and parcellation using FreeSurfer (Leong
et al., 2016, 2018; MacNiven et al., 2020; Tisdall et al.,
2022), and the MPFC and VTA VOlIs were defined based
on previously reported methods (Leong et al., 2016;
MacNiven et al., 2020; Samanez-Larkin et al., 2012; Tisdall
et al., 2022). We also created a native space white matter

mask for every participant (using FreeSurfer); this was
used to restrict tractography to white matter voxels. Previ-
ous work suggested anatomically-specific associations
between impulsivity and a VTA tract traversing below (ver-
sus above) the Anterior Commissure (AC) (MacNiven et al.,
2020; Tisdall et al., 2022). To examine this specificity, we
performed tractography for the VTA-NAcc tract using an
exclusionary mask at the AC and thereby isolated sepa-
rate fiber bundles projecting from the VTA to the NAcc,
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which run below and above the AC. This allowed us to
separately characterize the superior and inferior VTA (iVTA)
tracts, and examine their association with impulsivity. In
our schematic of the conNAcctome (Fig. 2, panel A), we
include directional pathways between brain regions. While
the current approach using diffusion MRI cannot resolve
directionality, comparative work (e.g., using tracer studies)
has enabled identification of afferent and efferent connec-
tions within the reward circuitry (Haber & Knutson, 2010).
Thus, our schematic incorporates these insights.

2.6. DMRI data preprocessing and tractography

The raw DMRI data were preprocessed using the open-
source software package mrDiffusion (www.github.com
/vistalab/vistasoft), which we ran in MATLAB R2016b. As
described in (MacNiven et al., 2020; Tisdall et al., 2022),
preprocessing included motion correction, registration of
each diffusion-weighted image to the mean of the non-
diffusion weighted (b = 0) images, co-registration of the
mean of the non-diffusion weighted (b = 0) images to
the T1-weighted volumes, and resampling of the raw
diffusion-weighted images to 2 mm isotropic voxels
(Ashburner & Friston, 2005). Using least-squares error
minimization, we fit tensors to the diffusion measure-
ments in each voxel. From each voxel’s tensor, we then
created voxel-wise maps of Fractional Anisotropy (FA),
Mean Diffusivity (MD), Radial Diffusivity (RD), and Axial
Diffusivity (AD). To precisely identify and characterize the
conNAcctome tracts, we combined probabilistic tractog-
raphy in individuals’ native space with constrained spher-
ical deconvolution using MRtrix (v3.0) (Tournier et al.,
2007). Application of a constrained spherical deconvolu-
tion model of water diffusion allowed us to model cross-
ing fibers. In a first step, we fit a model with a maximum
harmonic envelope of 8 to estimate the Fiber Orientation
Distribution (FOD) within each voxel. In a second step, we
tracked fiber pathways between the seed VOIs and the
NAcc, using the FOD as a probability density function (in
each voxel). The tractography was performed using the
following parameters: desired number of fibers = 1000;
maximum number of attempted fibers = 107; algorithm,
iFOD2; and FOD cutoff = 0.05. Using participants’ white
matter masks, tractography was restricted to white mat-
ter voxels only. The reconstructed fiber groups were sub-
sequently cleaned with Automated Fiber Quantification
(Yeatman, Dougherty, Myall, et al., 2012). For this, fiber
groups were resampled to 100 equidistant nodes
between the seed and NAcc VOls. We then calculated
the core of the fiber group as the mean coordinates at
each of the 100 nodes. Fibers with coordinates that fell
more than three standard deviations from the core coor-
dinates of the fiber group (via computation of the Mahala-

nobis distance) were excluded from the fiber group, as
were fibers with a length more than two standard devia-
tions from the mean length of the fiber group. Cleaning
was performed in an iterative fashion with a maximum of
five iterations. To compare fiber density maps across
subjects in tract segmentation analyses, each subject’s
anatomical image was spatially normalized to a group
template (TT_N27) using a non-linear registration method
with ANTS software (Avants et al., 2014).

2.7. DMRI metrics

Our statistical analyses targeted FA and RD; for ease of
interpretation, we calculated the inverse of RD (1/RD) to
align with the notion of a higher metric being indicative of
more fiber coherence (cf. Supplementary Materials for
further details). Initial plotting of node-wise FA and 1/RD
for all 125 participants identified one participant with out-
lier tract metrics for the MPFC-NAcc tract (cf. Supple-
mentary Materials for further details on outlier detection);
we excluded this particular participant from analyses
involving the MPFC-NAcc tract. Critically, extant work
conducted by the current authors as well as external
researchers (Kruper et al., 2021; Rokem et al., 2015;
Tisdall et al., 2022) suggests that diffusion metrics show
moderate to (very) high reliability, thus reducing measure-
ment error and contributing to internal validity.

2.8. Analysis protocol for individual
differences analyses

Our analyses targeted out-of session associations
between psychometric risk preference factors and struc-
tural projections. Following previously established analyt-
ical routines (Tisdall et al., 2022), we adopted the following
order of analytical procedures to test our hypotheses.

First, for every hypothesis, we followed previously
described methods (Nichols & Holmes, 2002) and adopted
a linear regression-based permutation test approach to
establish the required number of consecutive nodes along
a given tract for an association to be significant at p < 0.05
(corrected for multiple testing along a tract of 100 nodes).
This approach is comparable to computing a cluster
extent for functional MRI analyses.

Second, we used linear regression analysis to identify
all nodes along a given tract which showed an associa-
tion at p < 0.05 (uncorrected) with the specific risk prefer-
ence factor of interest, and compared the number of
observed consecutively significant nodes with the num-
ber of required consecutively significant nodes.

Third, for the purpose of model comparison, for every
node cluster that met or exceeded the required number
of consecutively significant nodes, we calculated a
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tract-specific summary FA (or 1/RD) metric on the basis
of a simple average over all observed consecutively sig-
nificant nodes, and used this summary tract metric in
multiple linear regression analyses. We note that analy-
ses using summary tract metrics are not independent
because the selection of nodes is informed by the results
from the node-wise analyses (Vul & Pashler, 2012), hence
they do not provide unbiased estimates. However, these
analyses do not challenge the main (node-wise) results,
and facilitate both controlling for confounds and compar-
ison with previous work. All regression analyses were
based on standardized and residualized (with regards to
age and gender) risk preference factor values, as well as
standardized summary tract metrics to facilitate effect
comparison across tracts.

Fourth, to estimate and visualize the association
between tract metrics and risk preference factors while
exhaustively controlling for the influence of demographic
(age, gender) and methodological (i.e., number of stream-
lines) variables, we adopted a multiverse approach
(Steegen et al., 2016) to data analysis by performing
specification curve analysis (Frey et al., 2021; Simonsohn
et al., 2020) using the summary tract metrics (cf. Supple-
mentary Materials for details). We followed up on the
main analyses with exploratory analyses aimed at exam-
ining potential laterality effects, and to pinpoint additional
associations which may be targeted more directly in
future studies.

3. RESULTS

3.1. ConNAcctome tracts

We successfully tracked and characterized all tracts
bilaterally in all subjects. Figure 2, panel B shows the
conNAcctome tracts in an individual’s AC-PC aligned
native brain space, illustrating the anterior-to-posterior
location of the tract endpoints in the NAcc originating in
the MPFC, Alns, Amy, and iVTA, respectively. To visualize
and qualitatively compare tract locations across sub-
jects, for each tract we generated group templates in
standard MNI space (Fig. 2, panel C). The MNI group
tracts suggest a high degree of similarity across subjects

concerning the location of conNAcctome tracts in both
hemispheres. We plotted sample and individual tract pro-
files for FA and 1/RD separately for the two hemispheres
of each tract (Fig. S1). As described previously (Yeatman,
Dougherty, Ben-Shachar, & Wandell, 2012), tract metric
profiles were heterogeneous across tracts, but compara-
tively more homogeneous across hemispheres.

3.2. Risk preference as a function of tract metrics

3.2.1. Node-wise associations

For our main individual differences analyses, we followed
a permutation-based approach to evaluate node-wise
associations between tract metrics and risk preference
factors while controlling for multiple comparisons (see
Methods for details). As predicted, FA of the Amy-NAcc
tract (bilateral) was positively associated with F4 (Table 2;
Fig. 3, panel A); this result was specific to FA and did not
extend to 1/RD (Table S2; Fig. S4). Also as predicted, we
observed a negative association between the impulsivity-
capturing factor F4 and FA in an extended cluster of
nodes along the bilateral iVTA-NAcc tract (Table 2; Fig. 3,
panel B). This association was also observed for 1/RD
(Table S2; Fig. S4).

Although we identified node clusters in bilateral
MPFC-NAcc and right Alns-NAcc associated with the
general risk preference factor R (Fig. S4), the extent of
these clusters did not meet the required threshold, and
the observed associations were contrary to the predicted
directions. Contrary to our predictions, we found no
association between the general risk preference factor R
and Amy-NAcc FA or 1/RD (Table 2; Table S2).

3.2.2. Model comparison

To examine the robustness of the observed brain-
behavior associations, we performed a set of model
comparisons. For this purpose, we generated summary
tract metrics for the bilateral Amy-NAcc and iVTA-NAcc
tracts, by averaging FA metrics across the consecutive
nodes found to be significantly associated with the
impulsivity-capturing factor F4 (cf. ‘Nodes’ column in

Table 2. Node-wise regression results for FA, organized by hypothesis.

H Factor Tract (hemisphere) # Observed/# required Nodes Predicted direction Observed direction
1 R MPFC-NAcc (Ir) 16/27 27-42 - +

2 R Alns-NAcc (r) 10/25 33-42 - +

3 R Amy-NAcc (Ir) 0/32 n/a + n/a

4 F4 Amy-NAcc (Ir) 32/31 49-80 + +

5 F4 iVTA-NAcc (Ir) 32/26 23-54 - -

Note. H = Hypothesis; # Observed/# Required = Number of observed versus number of required consecutively significant (p = 0.05)
nodes; Ir = bilateral; r = right; — = negative; + = positive; + = bidirectional; bold font = #Observed>#Required.
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Fig. 3. Association between impulsivity (F4) and FA. (A, B) Group tracts in MNI space with superimposed node-wise
associations between impulsivity and FA in left and right Amy-NAcc tract (A), and FA in left and right iVTA-NAcc tract (B).
Each tube represents the core trajectory of one participant’s tract (in MNI space). Colors indicate node-wise correlation
coefficients. (C) Bivariate association between impulsivity and bilateral Amy-NAcc mean FA (calculated from significant
nodes shown in panel A). (D) Bivariate association between impulsivity and bilateral iVTA-NAcc mean FA (calculated from

significant nodes shown in panel B).

Table 2), and used these in model comparisons. The
scatterplots in Figure 3 show the distribution of the resul-
tant summary tract metrics and provide an intuitive visu-
alization of the association between F4 and bilateral
Amy-NAcc (panel C) and bilateral iVTA-NAcc (panel D)
mean FA. To note, due to the dependence of the sum-
mary metrics on the node-wise analyses, the Pearson
correlation coefficients reported in panels C and D do not
provide unbiased estimates.

To understand whether the two tracts make indepen-
dent contributions to the impulsivity-capturing factor F4,

we performed a set of linear regression models. The results
suggest that FA of the Amy-NAcc tract and iVTA-NAcc
tract make independent contributions to explaining vari-
ance in F4, and that these contributions remain when we
control for demographic and methodological covariates
(Table 3). Furthermore, specification curve analyses
(Fig. S2) supported (a) the robustness of the observed
associations between F4 and FA of both Amy-NAcc and
iVTA-NAcc projections against the inclusion of exhaustive
sets of covariates, and (b) the specificity of the observed
results for F4, but none of the other risk preference factors.
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Table 3. Linear regression models for impulsivity (F4).

Variable Demographic Amy-NAcc iVTA-NAcc Combined
Intercept 0.04 (0.09) 0.02 (0.07) 0.02 (0.07) 0.09 (0.09)
Age -0.12 (0.07) — — -0.13 (0.07)
[-2.01, 0.047]
Gender (male) -0.04 (0.14) - — -0.14 (0.14)
Amy-NAcc (nsl) - 0.02 (0.07) - 0.01 (0.07)
iVTA-NAcc (nsl) - — 0.03 (0.07) 0.07 (0.07)
Amy-NAcc (FA) — 0.18 (0.07) — 0.17 (0.07)
[2.56, 0.012] [2.47,0.015]
iVTA-NAcc (FA) - - -0.17 (0.07) -0.15 (0.07)
[-2.54, 0.012] [-2.11, 0.037]
AIC 295.07 291.72 291.56 290.12
Adijusted R? 0.01 0.04 0.04 0.08
RSS (p) 72.55 (0.008) 70.63 (0.035) 70.55 (0.037) 64.94 (—)

Note. Estimates represent standardized regression coefficients. We report the standard error of the estimate in round brackets. For
significant variables (p < 0.05), we report the exact t-value and p-value in square brackets. Gender was coded with female as the
reference category, thus estimates are for males relative to females. nsl = number of streamlines. RSS = residual sum of squares and
associated probability (p) for comparison of nested model to full (combined) model. Bold font = p<0.05.

Supplementary analyses indicated no effect of interval
between the laboratory and MRI session on the main
results (Fig. S3).

3.2.3. Exploratory analyses

Beyond testing for the hypothesized associations, we
also performed exploratory analyses to better under-
stand potential laterality effects (specifically for tracts for
which we aggregated tract metrics across hemispheres
to test bilateral hypotheses), and to gauge further associ-
ations that may present promising starting points for
future research (Fig. S4). With regard to laterality, we
observed comparably strong effects in left and right
hemispheres for the associations between impulsivity
and both the iVTA-NAcc and Amy-NAcc tracts. Replicat-
ing previous work (MacNiven et al., 2020), supplemental
analyses confirmed the anatomical specificity of the link
between impulsivity and iVTA-NAcc tract, as no associa-
tion was observed for the superior tract projecting from
the dopaminergic midbrain to the NAcc. Supplementary
analyses suggested a strongly lateralized effect of MPFC-
NAcc FA on the general risk preference factor R, which
we examined further in exploratory supplemental analy-
ses (cf. Supplementary Results). In addition, we observed
a lateralized effect of MPFC-NAcc FA for F1, a factor
capturing health-related behaviors (Table S3).

4. DISCUSSION

The central question of this research was whether struc-
tural characteristics of white-matter fiber tracts converg-
ing on the NAcc are associated with individual differences
in human risk preference. Previous studies have suggested

that functional responses in the NAcc to risk- and reward-
related cues can predict real-life risk-taking behavior
(Leong et al., 2016; Sherman et al., 2018), account for
impulsivity (Buckholtz et al., 2010) and predict drug
relapse (MacNiven et al., 2018). Given that NAcc func-
tional activity is driven by neurotransmission from con-
nected brain regions, we hypothesized that DMRI metrics
of conNAcctome tracts—including projections from the
MPFC, Alns, Amy, and iVTA—may also account for indi-
vidual differences in risk preference. To counter biased
estimates as a result of adopting single, often unreliable
risk preference measures (Enkavi et al., 2019; Frey et al.,
2017, 2021; Tisdall et al., 2020), here we defined our out-
come variables via risk preference factors derived through
psychometric modeling in independent research (Frey
et al., 2017).

Our results reinforce the notion of the modulatory role
played by different projections to the NAcc for specific
components of risk preference. Extending previous work
(MacNiven et al., 2020) and supporting our prediction, we
observed a robust negative association between F4—a
factor capturing impulsivity —and FA (as well as 1/RD) of a
tract projecting from the dopaminergic midbrain (iVTA) to
the NAcc. This link remained when we included demo-
graphic and methodological covariates in our analyses,
and was specific to a projection traversing below (as
opposed to above) the AC (MacNiven et al., 2020). Criti-
cally, the observed negative association between impul-
sivity and iVTA-NAcc FA (and 1/RD) demonstrates
generalizability of previous findings (MacNiven et al,
2020; Tisdall et al., 2022) to an independent, non-US sam-
ple, thus pointing towards a robust finding in need of a
physiological explanation. Regarding their functional role,
FA and RD have been shown to capture microstructural
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properties (e.g., axon myelination) (Choe et al., 2012;
Janve et al., 2013; Leuze et al., 2017, 2021; Ou et al.,
2009; Song et al., 2002) of brain tracts, which might affect
signal transfer; if higher FA indexes more (coherent)
myelination, this could facilitate more efficient or reliable
transfer of chemical (e.g., neurotransmitter) and electrical
signals between connected brain regions. Suggestive of
an endogenous dopamine-related mechanism, prior
research has shown that sustained dopamine release in
the striatum plays a role in mediating the negative associ-
ation between dopamine receptor availability in the mid-
brain and trait impulsivity (Buckholtz et al., 2010); whether
iVTA-NAcc tract coherence contributes to this pathway, or
supports a separate pathway, requires further research.

Also in line with predictions, and independently of the
effect for iVTA-NAcc, Amy-NAcc FA was positively asso-
ciated with F4 (van den Bos et al., 2014). The ‘leakiness’
of signal transmission as a function of low coherence
could account for this finding. For example, previous
work reported a positive association between impulsivity
(indexed via temporal discounting) and bilateral connec-
tion strength between the amygdala and the striatum (van
den Bos et al., 2014), which the authors suggested may
have been driven by increased input from the amygdala—
computing an incentive value of immediately available
options—enhancing the value signal in the striatum.

While these results present a generalization of previ-
ous findings (MacNiven et al., 2020) to an independent
sample with different demographics, our impulsivity mea-
sure was similar to that used in previous work. Specifi-
cally, MacNiven et al. (2020) reported iVTA-NAcc FA
associations with impulsivity indexed by the Barratt
Impulsiveness Scale (BIS) as well as a behavioral mea-
sure of impulsivity. The impulsivity factor F4 derived inde-
pendently by Frey et al. (2017) also exclusively captures
variation in BIS. While the bifactor model removed com-
mon variance across the battery of risk measures adopted
in the BBRS laboratory session from the impulsivity fac-
tor, the remaining high positive correlations between F4
and BIS (Fig. S5) suggest that F4 can index BIS. The pre-
viously reported association between iVTA-NAcc FA and
delay discounting (MacNiven et al., 2020) presents a first
hint that this association with impulsivity may extend to
alternative impulsivity measures, but further work is
required to more systematically examine the convergence
of brain-behavior associations across different measures,
both within as well as across measurement modalities
and domains.

In contrast to our hypotheses concerning the
impulsivity-capturing factor F4, we found no support for
our predictions concerning associations between the
general risk preference factor and bilateral projections
from the MPFC, Amy, and right Alns. This discrepancy
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may be driven by the extent to which (a) different psycho-
metric factors capture specific (cognitive, affective) ver-
sus more general, perhaps even strategic processes
underlying individual differences (and the reporting
thereof), and (b) these processes are subserved by con-
crete neural substrates like specific brain tracts. For
example, to the extent that F4 captures a very specific
dimension of risk preference, namely impulse control, the
latter has been found to map directly onto (neural mark-
ers of) motivation and reward-related mechanisms
(Buckholtz et al., 2010; Dalley & Robbins, 2017; Hampton
et al., 2017; MacNiven et al., 2020).

Moreover, our exploratory analyses indicated a link
between right MPFC-NAcc FA and a domain-specific
factor capturing health-related attitudes and behaviors,
thus speaking to the utility of examining domain-specific
aspects of risk preference, and associations in specific
(e.g., clinical) cohorts (Hampton et al., 2019; MacNiven
et al.,, 2020; Morales et al., 2020; Tisdall et al., 2022).
Notably, exploratory unilateral analyses also suggested
an association between left MPFC-NAcc FA and general
risk preference, but given the observed positive effect as
opposed to the predicted negative effect, further research
is required to replicate the current finding. If replicated,
however, this finding could have important implications
for extant and future work. For example, fibers between
the MPFC and Amygdala have been linked to risk prefer-
ence (Jung et al., 2018), yet it is possible that these
reported fibers actually traverse through the NAcc. In
light of our results linking Amy-NAcc projections to impul-
sivity (rather than general or other domain-specific
aspects of risk preference), and exploratory results link-
ing MPFC-NAcc projections to general aspects of risk
preference, our results may add anatomical specificity to
these previously reported findings.

Our study has some limitations in need of discussion.
First, our approach to utilize independently derived risk
preference factors aimed to avoid the pitfalls of using sin-
gle measures with regards to reliability, validity, and con-
vergence (Enkavi et al., 2019; Frey et al., 2017, 2021;
Mata et al., 2018; Pedroni et al., 2017). However, this
approach raises the question what exactly the resultant
factors represent, in particular the general risk preference
factor R, and how the variance between individuals in this
general factor maps onto discrete mechanisms and their
neural basis. What is captured by R might be the result of
many processes, including how individuals integrate
aspects such as probability, gains, and losses, as well
as modality-specific processes such as how questions
are understood and responses generated (note that R
captures exclusively common variance across self-report
measures). Although the cognitive processes underlying
the rendering of self-reported risk preference are starting



L. Tisdall, K. MacNiven and J. Leong et al.

Imaging Neuroscience, Volume 2, 2024

to become better understood (Steiner et al., 2021), how
these are represented in the brain remains to be exam-
ined. Moving forward, conceptual clarification of the
‘essence’ of risk preference (Bringmann et al., 2022) will
lie at the heart of progress in our understanding of its
neurobiological basis.

Second, the desiderata for the outcome variable
equally apply to the predictor(s), the brain markers. A
body of work suggests that DMRI metrics are reliable
(Kruper et al., 2021; Rokem et al., 2015; Tisdall et al.,
2022), relate to microstructural properties (Lazari & Lipp,
2021), and are related to important (clinical) phenotypes
(Forkel et al., 2022; Joutsa et al., 2022). However, it is
currently still unclear exactly which microstructural prop-
erties (e.g., myelination, iron deposition) are captured by
metrics such as diffusion coefficients (Lazari & Lipp,
2021; Weiskopf et al., 2021) and how different metrics
relate, that is, their convergence. The former will be
important to forge ahead with intervention programs tar-
geting specific microstructural properties (Fields, 2015),
while the latter will be crucial to efficiently and meaning-
fully compare results across studies using different tract
metrics. For example, our supplementary exploratory
analyses suggested no link between impulsivity and
fronto-striatal tract structure shown in previous work
(Hampton et al., 2017); however, here we used diffusion
metrics while previous work computed the number of
streamlines to index connectivity strength. To make prog-
ress, we need to map the space of common structural
metrics and their relationships. To disentangle the role of
the molecular, cellular, circuit, and system levels, it will be
important to concurrently employ a range of analytical
approaches. Fortuitously, advanced neuroscientific
methods including tissue clearing (Chung & Deisseroth,
2013) and optogenetic research (Cao et al., 2011) are well
poised to provide much-needed answers to questions
pertaining to the mapping of metrics to microstructural
properties to (behavioral) phenotypes.

Third, in this study, we used data from a cross-
sectional sample of healthy young adults, yet the ultimate
test will involve examination of the predictive validity of
conNAcctome tracts. For this, it will become crucial to
harvest existing (large-scale) data sets with longitudinal
designs that include repeated scanning sessions, such
as the ABCD Study (Casey et al., 2018) or Human Con-
nectome Project (Van Essen et al., 2013). This would also
allow researchers to test various theories relating to indi-
vidual (age) differences in risk preference (Frey et al.,
2021; Seaman et al., 2022), potentially even teasing apart
the causal mechanisms, such as the effects of socializa-
tion and/or selection (Beck & Jackson, 2022). This
approach should also be extended to test the predictive
validity of biomarkers in different samples, including
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impulsivity-related outcomes in clinical populations
(Karlsson Linnér et al., 2021; Kotov et al., 2018).

5. CONCLUSION

llluminating the neurobiological basis of individual differ-
ences in maladaptive cognition and behavior has the
potential for intervention and prevention (Shivacharan
et al., 2022), but researchers first need to find reliable
indicators for brain markers, outcome measures, and
their association. Here, we combined a principled selec-
tion of brain tracts with a psychometric assessment of
risk preference to provide a first step in this direction for
a phenotype that shapes decision making and, conse-
quently, impacts health, wealth, safety, and overall well-
being (Moffitt et al., 2011; Steinberg, 2013). Studying the
role of the brain, and in particular mapping the generality
and specificity of brain markers for risk preference and
related constructs, may offer new insights for interven-
tion, and, potentially, prevention.
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