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Understanding the neural implementation of value-based choice has been an important focus of neuroscience for
several decades. Although a consensus has emerged regarding the brain regions involved, including ventromedial
prefrontal cortex (vmPFC), posterior parietal cortex (PPC), and the ventral striatum (vSTR), the multifaceted
nature of decision processes is one cause of persistent debate regarding organization of the value-based choice
network.

In the current study, we isolate neural activity related to valuation and choice selection using a gambling task
where expected gains and losses are dissociated from choice outcomes. We apply multilevel mediation analysis to
formally test whether brain regions identified as part of the value-based choice network mediate between per-
ceptions of expected value and choice to accept or decline a gamble. Our approach additionally makes predictions
regarding interregional relationships to elucidate the chain of processing events within the value-based decision
network. Finally, we use dynamic causal modelling (DCM) to compare plausible models of interregional re-
lationships in value-based choice.

We observe that activity in vmPFC does not predict take/pass choices, but rather is highly associated with
outcome evaluation. By contrast, both PPC and bilateral vSTR (bilaterally) mediate the relationship between
expected value and choice. Interregional mediation analyses reveal that vSTR fully mediates between PPC and
choice, and this is supported by DCM. Together these results suggest that vSTR, and not vmPFC nor PPC, functions
as an important driver of choice.
1. Introduction

Decision neuroscience has consistently identified a set of brain re-
gions associated with value-based choice (Bartra et al., 2013; Clithero
and Rangel, 2014; Diekhof et al., 2012; Floresco, 2015; for recent reviews
see Kable and Glimcher, 2009; D. J. Levy and Glimcher, 2012; Liu et al.,
2011; Padoa-Schioppa, 2011; Rangel and Clithero, 2014; Rushworth
et al., 2011; Sescousse et al., 2013). The value-based choice network is
large and distributed, including cortical (e.g., ventromedial prefrontal
(vmPFC), orbitofrontal (OFC), posterior parietal (PPC), cingulate, and
insular regions) and subcortical components (e.g., ventral striatum
(vSTR), amygdala). Despite general consensus on the regions involved,
there are differences of opinion regarding which components are critical
for choice (Hunt and Hayden, 2017; Kable and Glimcher, 2009;
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Padoa-Schioppa, 2011; Padoa-Schioppa and Conen, 2017; e.g., Rangel
et al., 2008; Rushworth et al., 2012). There is debate regarding whether a
core set of regions is necessary for all choices (e.g., Padoa-Schioppa,
2011; Padoa-Schioppa and Conen, 2017) or whether distinct systems are
engaged according to choice parameters (e.g., Rangel et al., 2008;
Rushworth et al., 2012). A goal of decision neuroscience is to better
understand how component processes contribute and interact to generate
value-based choice.

A reasonable starting point to explore neural pathways mediating
choice is to begin with relatively simple choices (to simplify the space of
choice parameters) and use this to focus on specific choice processes (to
restrict the distribution and size of the decision-making network that is
engaged). A critical question in value-based choice is which brain region
(or regions) represents and integrates value-based information and forms
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a choice. Given the large, distributed nature of decision-making networks
in the brain, we chose to restrict our focus to regions that both encode
value and predict choice from exploratory voxelwise analyses. These
regions likely include relevant nodes in a network comprising the
vmPFC, PPC, and vSTR. Similar value-representation and choice-
selection processes have been ascribed to several regions, including the
PPC, vmPFC/OFC, and vSTR (see Fig. 1). PPC activity covaries with value
representation and choice response times (Basten et al., 2010; Domenech
et al., 2017; Rodriguez et al., 2015). VmPFC/OFC activity represents
value at decision (Boorman et al., 2009; Boorman et al., 2013; Padoa--
Schioppa and Assad, 2006; Strait et al., 2014; Strait et al., 2015), in-
tegrates value information (Chib et al., 2009), and is modulated by
decision duration (Rich and Wallis, 2016; Sokol-Hessner et al., 2012;
Strait et al., 2014). Likewise, vSTR activity represents subjective and
chosen values (Levy et al., 2010; Peters and Büchel, 2010; Strait et al.,
2015) and dopamine neuromodulation of choice (for a review see Frank
and Claus, 2006). These lines of research highlight the distributed nature
of choice (Hunt and Hayden, 2017) but may present alternative pre-
dictions regarding the hierarchical chain of processing events in
value-based choice. While some research indicates that certain
decision-related regions are more proximal for choice than other regions
(e.g., parietal and lateral prefrontal regions have been labelled as
implementing choice process, but not valuation processes in macaques
(Kable and Glimcher, 2009)), more recent views emphasize recurrence
within the decision-making network along with hierarchical organiza-
tion of processing timescales (Hunt and Hayden, 2017).

One reason for debate regarding the value-based choice network is
that decision-making is multifaceted and requires many component
processes from stimulus encoding, valuation, integration, selection, etc.
In this study, we chose to isolate take/pass choices that require valuation
and selection processes without adding complexity related to value
comparisons when selecting between options. This simplified choice ar-
chitecture isolates component processes that are critical for value-based
choice, and our aim is to trace the neural implementation of these iso-
lated decision-making components.

To address this question we isolate decision processes from outcome
evaluation and value comparison processes. To isolate decision pro-
cesses, we exploit probabilistic associations between the expected values
and uncertain outcomes and temporal dissociation between actions
(Domenech et al., 2017; Jocham et al., 2014; Metereau and Dreher, 2015;
Studer et al., 2012; e.g., Tom et al., 2007). To further isolate valuation
and selection processes, we employ take/pass choices rather than more
complex, multi-option choices that elicit additional comparisons be-
tween options. By isolating simple, value-based choice processes, we can
explore how they are implemented in brain networks without contami-
nation from similar, non-decision processes that may rely on similar re-
gions. To that end, we adapted the Duplex Gamble task (Slovic and
Lichtenstein, 1968) in which participants choose to take/pass a proba-
bilistic gain and loss as a single gamble where comparator processes are
not required.

We present a hierarchical mediation framework to model choices as a
Fig. 1. Potential value-based choice network models.
Alternatives for the value-based choice network. Potential regions that mediate
choice include posterior parietal cortex, ventromedial prefrontal cortex, and
ventral striatum. Arrows represent information flow, where each of these re-
gions potentially mediates between value and choice. All possible interregional
relationships are displayed.
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direct product of neural activity and environmental parameters. We
formally explore whether neural activity mediates choice on a trial-by-
trial basis (Bauer et al., 2006; Kenny et al., 2003) and whether
trial-level activity in one region mediates the relationship between ac-
tivity in other regions and choice. Together, isolation of valuation and
selection processes combined with innovative analytical methods will
provide novel insight into value-based choice networks within the
human. Given the potential for multiple choice mediating regions (i.e.,
more than one region may mediate choice) and mutual mediation be-
tween regions (i.e., interregional mediation may work jointly in both
directions in recurrent networks), our analyses will explore each of these
possible mediation relationships.

Our approach is both hypothesis-driven, i.e., we expect PPC, vSTR,
and/or vmPFC to be a critical substrate that mediates value-based choice,
given the prior evidence consistent with this role, and exploratory, i.e.,
we were agnostic as to the precise pathway(s) and timing of information
flow between these regions for choice. Moreover, we are exploring
choice-mediation in a whole brain manner to explore whether other
brain regions are among the critical regions for choice. Finally, despite
our prediction that PPC, vSTR, and vmPFC have been implicated in the
literature in decision-making, we are exploring whether these roles are
restricted to decision-making or are also involved in the evaluation of
choice outcomes as well.

2. Material and methods

2.1. General

We measured brain activity during a duplex gamble task using the
blood-oxygenation dependent (BOLD) signal acquired with functional
magnetic resonance imaging (fMRI). Given that fMRI data is inherently
hierarchical (i.e., trials nested within scanning runs nested within par-
ticipants), these sources of variance should be modelled with a multilevel
modelling approach (e.g., Chen et al., 2013). We present the first, formal,
multilevel test of the fully mediated pathway from expected value to
neural activity to choice. We then extend the logic of the
brain-as-predictor approach (Berkman and Falk, 2013) into a voxelwise,
logistic, multilevel framework to model choices as a direct product of
concurrent neural activity and environmental parameters. A key differ-
ence between our study and previous studies is the voxelwise application
of generalized multilevel models data instead of regions of interest
(Knutson et al., 2007). In addition, mediation analyses of neural activity
(e.g., Wager et al., 2008) are useful in evaluating hypotheses relating to
pathways from stimuli to brain activity to behavior as well as interre-
gional relationships, where activity in one region may mediate between
activity in other regions and behavior.

2.2. Participants

We recruited 23 individuals (14 women; one womanwas excluded for
being unable to complete the task, 22 individuals were analyzed in the
final sample) from the Queen’s University community through adver-
tisements. Participants provided consent in accordance with the Queen’s
University Institutional Review Board. All participants had no history of
neurological or psychiatric disorder, had normal or corrected vision, and
were right-handed. Participants were compensated with $40.

2.3. Experimental design

Participants performed a 10-min pre-scanning task to familiarize
them with the gambles to be used in the fMRI scanner. Gambles were
presented as color-coded bar charts (red or blue) representing gain and
loss magnitude (20, 40, 60, 80 points as bar height) and pie charts rep-
resenting probabilities (13, 33, 50, 67, 83%) (Fig. 2). Gains and losses
were presented simultaneously on the screen. Color and position of
gambles (gains on left or right) were counterbalanced across participants.



Fig. 2. Duplex Gamble Task.
Each trial begins with a fixation cross for 2 s, followed by a gamble. For each
gamble, bars indicate points, pies indicate probability, and color indicates gain
or loss. Gambles remain on-screen for 4s, during which time participants choose
to take or pass the gamble by making a button response. Participants take or
pass the gambles as a whole using a button press to indicate their choice.
Gambles are followed by a fixation cross for 2, 4, or 6 s (jittered). Finally the
outcome for each gamble is presented. If participants chose to take the gamble,
they could receive either both the gain and loss, the gain-only, the loss-only, or
neither gain nor loss.
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Response position was not varied within-participants in order to simplify
decision-to-motor mappings which follow rather than precede decision-
making processes; while this choice simplified decision-motor map-
pings for participants it may have led to some laterality of effects though
these are not critical for the hypotheses being tested here. Following a 2s
fixation cross, gambles were displayed for 4 s during which participants
made a button press to take or pass the gamble. Participants decided
whether to take the potential gain and loss as a whole, i.e., decisions for
prospective gain and loss were not separate for each trial. Conceptually
this is a choice between taking the gamble and selecting an option of
0 points. Following each decision and a jittered delay of 2, 4, or 6s,
feedback appeared for 2s indicating how many points had been (or could
have been) gained and lost; both, either, or neither the gain and, or, nor
loss could occur. Participants completed seven blocks of 18 trials; gain
and loss magnitude and probability were randomized on each trial.
Participants were informed that their points would determine their
compensation, though in reality these were independent. For fairness to
all participants, we paid out the maximum amount regardless of
performance.

2.4. fMRI acquisition

Images were acquired with a Siemens Tim Trio 3T scanner. For
whole-brain functional coverage, 32 axial slices (slice thickness ¼ 3.5
mm, 0.5 mm skip) were prescribed parallel to the AC–PC line. Functional
images were acquired from inferior to superior using a single-shot
gradient echo planar pulse sequence (TE ¼ 25 ms, TR ¼ 2s, in-plane
resolution ¼ 3.5 � 3.5 mm, matrix size: 64x64, and FOV ¼ 224 mm,
TRs per run ¼ 149).

2.5. preprocessing

fMRI scans were preprocessed using FSL (Jenkinson et al., 2012) and
included the following operations: (1) motion correction; (2) non-brain
3

voxel removal; (3) spatial smoothing, 5 mm FWHM Gaussian kernel;
(4) intensity normalization using 4D grand mean; (5) temporal filtering,
high pass Gaussian-weighted least squares straight line fitting (sigma ¼
70s); and (6) affine registration to MNI standard space. We obtained
single-trial beta estimates for BOLD response magnitude on each trial by
modelling fMRI time series with individual trial regressors (Mumford
et al., 2012; Rissman, et al., 2004) using AFNI (Cox, 1996). For each trial,
single-trial beta estimates for decisions were obtained using onsets of
gamble options modulated by the response time for each trial. Likewise,
single-trial beta estimates for outcomes were obtained using onsets of the
outcome display modulated by the duration and amplitude of the
outcome on screen. We chose to use individual trial regressors (LSA) to
estimate single-trial activity estimates. While summed trial regressors
(LSS) may be preferable in many circumstances (e.g., multivariate
pattern analysis), particularly for rapid event-related designs, our task
design which was not rapid given our dissociation of decisions and out-
comes in time and using LSA preserves more trial-related variability and
provide non-biased parameter estimates which is preferred in this
context (Mumford et al., 2012). Either method could be reasonably be
used, though the current implementation of the LSS method in AFNI does
not allow amplitude modulation; we do not intend to advocate for one
over the other. This resulted in 5544 (252/subject) beta estimates at each
voxel in the brain, with 2772 (126/subject) corresponding to each choice
and outcome. Given the large number of predictors per scanning run (18)
and the number of samples in the fMRI timeseries (149) there is a po-
tential that regression models generating single-trial beta estimates are
overfit. This is not a problem for these estimates, as it is desirable for
them to match the observed data as closely as possible (a consequence of
overfitting), and there is no need to extrapolate or predict values in a new
sample as the regression model only applies to a specific scanning run
(overfitting would make these extrapolations inaccurate).

Given the potential for over-fitting in subsequent models of decision,
descriptions of this deconvolution method demonstrate this technique
using 60 trials for two tasks (Mumford et al., 2012); in the current
paradigm with roughly double this number (126 trials per participant),
we are confident that the number of trials is sufficient relative to the
number of predictors in our models (up to 4 fixed-effects, and 2 nested
random effects for the most complex models). Furthermore, none of the
mixed-effects models that were run resulted in “singular” fits, where a
predictor or set of predictors fit the data with close to zero variance or
correlations close to�1, this suggests that mixed effects models did not
result in overfitting.

2.6. Statistical analysis

Brain regions exhibiting activity that mediates between expected
value and observed choice must meet the following criteria: (a) neural
activity must be predicted by expected value, and (b) neural activity must
predict choice while controlling for expected value (for a thorough dis-
cussion of mediation see Baron and Kenny, 1986). Demonstrating that
neural activity is modulated by expected value (or other choice-related
values) is insufficient to conclude that it determines a choice; rather,
neural activity in mediating regions must also predict the choice being
made (Cisek, 2012). Simply demonstrating that neural activity is (a)
predicted by expected value and (b) that neural activity predicts choice is
not sufficient to demonstrate mediation, as the variance associated with
each of these relationships measured separately may be completely in-
dependent. Mediation analysis quantifies the effect of one variable on the
relationship between others, or in other words, mediation analysis
quantifies whether the variance in (a) and (b) is associated consistent
with the mediation model.

Critically, we are interested in trial-level mediation: that individuals
tend to exhibit a particular response due to changes in neural activity on
that trial instead of individual-level effects (e.g., membership in an
experimental condition or group). By applying multilevel mediation
methods, we can formally test whether neural activity mediates choices
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on a trial-by-trial basis (Bauer et al., 2006; Kenny et al., 2003). Finally,
once regions that mediate choice have been identified, interregional re-
lationships can be tested, where trial-level activity in one region may
mediate the relationship between activity in another region and choice.
This analytic approach provides insight into process-level neural
organization.

When conducting mediation analyses with fMRI data, we assume that
the direction of effects is that brain activity is a product of environmental
stimuli and observed choice actions result from brain activity. While it is
possible for choice to cause brain activity, we assume this is less likely.
When the direction of effects is less clear, such as when considering
interregional relationships, mediation provides convergent evidence, but
does not confirm, directionality between component processes. To
explicitly test the directionality of interregional relationships, we employ
dynamic causal models (DCM) to compare between hypotheses of
interregional connectivity for value-based choice deemed plausible from
our multilevel mediation analysis.

2.6.1. Voxelwise multilevel models
We modelled trial-related estimates of BOLD activity at each voxel in

the brain in R (R Core Team, 2016) using lme4 (Bates et al., 2015) and
lmerTest (Kuznetsova et al., 2015) packages as well as custom software.
Core assumptions of multilevel modelling are the same as those of the
general linear model (GLM); given that multilevel modelling is literally
simultaneous GLM across participants and runs, processing approaches
and assumptions are logically identical.

Timepoints were excluded voxelwise where the beta estimate of
BOLD activity was greater than 3 standard deviations from the mean beta
estimate for each subject (on average 0.15% were removed per voxel,
combined across all subjects). These large spikes in the data do not reflect
realistic changes in neural activity and likely result from random fluc-
tuations in deconvolution of raw BOLD signals. Variables were mean
centred as required for each model, and when necessary (i.e., for logistic
models), variance components of BOLD time series estimates were
decomposed into specific individual-level, subject by run-level, and trial
level signals. Initial multilevel models were computed, then time points
were excluded where the standardized residual of a given time point was
greater than 3. Approximately 1% of data points were removed on
average per model per voxel. The remaining variables were then re-mean
centred and variance components were decomposed for logistic models
so that outlying data points did not impact calculation of within-subjects
and within-run means.

All p-values are FDR corrected (q ¼ 0.05) using its implementation
available in FSL; the cerebellum was excluded from all analyses. Re-
ported coordinates indicate the centre of mass of a cluster in MNI space
and the size of the cluster in mm2. Multilevel models included random
effects of participant and scanning run. Linear multilevel models at de-
cision predicted neural activity with expected gain and loss. Linear
multilevel models at outcome predicted neural activity with gain and loss
magnitude interacting with choice [coded as 1 (taken), 0 (no response),
and �1 (passed)].

To model choices, we specified multilevel logistic regression models
where neural activity at decision (i.e., during the time period preceding a
response) predicted choice [coded 1 (taken) and 0 (passed), missed
excluded] while controlling for expected gain and loss. Given our interest
in trial-related changes, neural activity in choice models was decom-
posed into three variance components: (1) trial-related variance, beta
estimate minus within-scanning run means, (2) scanning run-related
variance, within-scanning run means minus within-subjects means, and
(3) subject-related variance, within-subjects means minus grand mean.

2.6.2. ROI mediation in multilevel models
Potential mediating regions were identified by the conjunction of

significant effects at decision: (a) expected gain related to increased
4

activity, (b) expected loss related to decreased activity, and (c) trial-
related activity predicted responses. Given this three-way conjunction
and the likelihood that this resulted in small clusters, we excluded clus-
ters (<15 voxels) to balance retention of regions likely to be involved
according to prior research (e.g., PPC, vSTR, and vmPFC) and exclude
extraneous small clusters and single, spurious voxels. For each region that
met these criteria, we calculated the within-subjects mean time series
across and then used these values to calculate the models necessary for
mediation analysis.

Mediation analysis in multilevel models presents some unique chal-
lenges. For example trial-level mediation effects are nested within
person-level effects (Kenny et al., 2003). One could compute separate
models for each participant and then average them, but this loses the
nested data structure and does not account for individual differences in
mediation strength. Thus, we utilized the stacked multilevel regression
procedure adapted from previous work exploring mediation analyses in
multilevel models to estimate the indirect effect (Bauer et al., 2006).

Stacked regression allows simultaneous modelling of multiple
multilevel models, e.g., both components of the mediated pathway (value
to brain and brain to choice), which is critical for mediation analysis.
Given the nested structure in multilevel data, stacked multilevel model-
ling accounts for the covariance of slopes in the indirect path (e.g., value
to brain and brain to choice) in addition to modelling the variance in
slopes for both components of the indirect path (Bauer et al., 2006).
These procedures were adapted to account for the fact that some re-
lationships require a linear fit while others (namely when predicting
responses) require fitting a binomial distribution. Thus, we employed a
hybrid approach and took parameter estimates from individual models
that make up the indirect path: (A) trial-related changes in the mean time
series predicted by overall expected value (expected gain minus expected
loss), and (B) choices predicted by trial-related neural activity controlling
for expected value and subject-related differences in neural activity.
From these models, we constructed a covariance matrix corresponding to
the covariance of models A and B. We calculated the indirect effect and
covariance between A and B using a stacked regression with a linear fit.
This covariance matrix is then used to calculate confidence intervals for
the indirect effect using a Monte Carlo multivariate simulation (Bauer
et al., 2006; Mackinnon et al., 2004). This mediation analysis procedure
was repeated for each of the identified regions for expected value-choice
mediation, and was repeated on pairwise groupings of regions, to explore
interregional mediation of choice. In regard to interregional mediation,
we chose not to explore potential multisynaptic pathways (ie., whether a
region mediates the effect between two other regions), as choice is not
explicitly part of these pathways and the number of combinations quickly
increases beyond reasonable computational complexity, e.g., voxelwise
exploration in 2 mm3 space would require ~ 200,000 models per region
pair.

2.6.3. Dynamic causal modelling of plausible value-based choice models
Together, voxelwise and interregional multilevel mediation models

will isolate a set of plausible neural models of how the brain mediates
value-based choice. These methods provide a powerful combination to
identify and evaluate the plausible models of value-based choice across
the whole brain. As mentioned above, this multilevel mediation
approach is less certain when the direction of effects is unclear (as is the
case for interregional mediation). By contrast, dynamic causal modelling
(DCM) is impractical on a voxelwise, whole brain level, but excels when a
model space is constrained to plausible models, and can more strongly
infer the direction of effects. Thus, we employ behavioural DCM [SPM12
version 7219, (Penny et al., )] to provide an additional test of the like-
lihood of plausible interregional relationships. We constrain the
model-space for DCM by including only those models where multilevel
mediation is unclear in the inference of the direction of interregional
effects, and exclude those that do not match mediation models of the
relationship between value and choice.
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3. Results

Generalized multilevel modelling revealed that expected value of
gains and losses significantly predict choices [gain: β ¼ 0.117, z ¼ 22.59,
p ¼ 5.392x10�113; loss: β ¼ �0.096, z ¼ �21.562, p ¼ 4.046x10�103].
Participants tended to take gambles when expected gain exceeded loss
and pass when expected loss exceeded gain (Fig. 3).
3.1. Neural representations of value at decision and outcome

Several regions are significantly predicted by both increased activity
with expected gain and decreased activity with loss value at decision,
including: left PPC [Fig. 4A, (�34, �78, 28), 260 mm3, expected gain: β
¼ 0.113, t(2676.3) ¼ 3.149, p ¼ 1.659x10�3; expected loss: β ¼ �0.109,
t(2675.7) ¼ -3.06, p ¼ 2.245x10�3], right vSTR [Fig. 4B, (10, 4, �8),
300 mm3, expected gain: β ¼ 0.119, t(2655.4) ¼ 4.01, p ¼ 6.142�5;
expected loss: β ¼ �0.140, t(2654.3) ¼ -4.74, p ¼ 2.221x10�6, Fig. 4E]
and the left vSTR [Fig. 4C, (�10, 8, �10), 220 mm3, expected gain: β ¼
0.139, t(2670.0) ¼ 3.58, p ¼ 3.497x10�4; expected loss: β ¼ �0.154,
t(2666.6) ¼ -4.00, p ¼ 6.49x10�5]. By contrast, a region of visual cortex
[Fig. 4D, (2, �92, 6), 852 mm2] increased activity to both expected gain
[β ¼ 0.286, t(2659.6) ¼ 5.53, p ¼ 3.595x10�8] and loss [β ¼ 0.179,
t(2660.6) ¼ 3.48, p ¼ 5.015x10�4] (see Fig. 4F), consistent with
increased looking or attention to extreme expected value magnitude. For
whole brain results at decision, including: expected value see Fig. A1.1
and Table A1, expected value magnitude see Fig. A1.2 and Table A1,
expected gain see Fig. A2 and Table A2, and expected loss see Fig. A3 and
Table A3.

To explore whether decision-making regions differ with regard to
outcome evaluation regions, we modelled neural activity at outcomewith
both gain and loss values and choices. Activity in right PPC [Fig. 5A, (38,
�54, 46), 7996 mm3] and left PPC [Fig. 5B, (�36, �58, 44), 8124 mm2]
appears to correspond to the magnitude of outcome value, increasing
activity with both gain [right PPC: β ¼ 0.244, t(2703.4) ¼ 7.33, p ¼
2.979x10�13; left PPC: β¼ 0.175, t(2674.6)¼ 6.07, p¼ 1.483x10�9] and
loss [right PPC: β ¼ 0.125, t(2718.4) ¼ 3.85, p ¼ 1.192x10�4; left PPC: β
¼ 0.12, t(2691.2) ¼ 4.39, p ¼ 1.185x10�5] at outcome (Fig. 5C). By
contrast activity in several regions encoded the value of received out-
comes, where activity increased with received gains and decreased with
received losses. These regions include right vSTR [Fig. 5D, (12, 14, �4),
Fig. 3. Choices by expected value.
Participants tend to make advantageous decisions; they tend to take gambles
when the expected gain exceeds loss and pass when expected losses exceed gain.
Solid lines indicate values associated with expected gains and dashed lines
represent values associated with expected losses. Shaded regions indicate 95%
confidence intervals.
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920 mm3, gain by choice: β ¼ 0.068, t(2670.4) ¼ 3.79, p ¼ 1.555x10�4;
loss by choice: β ¼ �0.071, t(2664.4) ¼ -4.139, p ¼ 3.602x10�5], left
vSTR [Fig. 5E, (�12, 12, �4), 1184 mm3, gain by choice: β ¼ 0.065,
t(2664.7) ¼ 3.76, p ¼ 1.755x10�4; loss by choice: β ¼ �0.082, t(2662.0)
¼ -4.976, p ¼ 6.912x10�7], right vmPFC [Fig. 5F, (6, 40, �12), 2508
mm3, gain by choice: β ¼ 0.093, SE ¼ 0.021, t(2700.2) ¼ 4.330, p ¼
1.548x10�5; loss by choice: β ¼ �0.093, SE ¼ 0.020, t(2697.4) ¼ -4.595,
p ¼ 4.534x10�6, see Fig. 5H], and left vmPFC [Fig. 5G, (�8, 40, �10),
2620 mm3, gain by choice: β ¼ 0.090, SE ¼ 0.023, t(2687.8) ¼ 3.870, p
¼ 1.115x10�4; loss by choice: β ¼ �0.099, SE ¼ 0.022, t(2686.1) ¼
-4.484, p ¼ 7.636x10�6]. For whole brain results at outcome, including:
main effect of gain see Fig. A4 and Table A4, main effect of loss see
Fig. A5 and Table A5, main effect of choice see Fig. A6 and Table A6,
interaction between gain and choice see Fig. A7 and Table A7, interaction
between loss and choice see Fig. A8 and Table A8, outcome magnitude
see Fig. A9 and Table A9, outcome value see Fig. A10 and Table A10, and
received value see Fig. A11 and Table A11.

Left and right vmPFC represent received gain and loss at outcome but
not expected gain and loss at decision, despite the literature surrounding
the vmPFC as a critical substrate for value-based choice. To explore this
possibility further, we examined left and right vmPFC at decision, using the
regions that represent received gain and loss at outcome. The left vmPFC
outcome region had weak relationships at decision to expected gain [β ¼
0.059, t(2662.8) ¼ 1.865, p ¼ 0.0623] and expected loss [β ¼ �0.0645,
t(2661.6) ¼ -2.04, p ¼ 0.0415]. The relationships at decision to expected
gain [β ¼ 0.0498, t(2686.8) ¼ 1.389, p ¼ 0.1648] and expected loss [β ¼
�0.0608, t(2683.3) ¼ -1.707, p ¼ 0.0879] were even weaker for the right
vmPFC outcome region. Activity at decision does not predict choice for
either the left [β ¼ �0.045, z ¼ �0.784, p ¼ 0.513] or the right vmPFC [β
¼�0.029, z¼�0.501, p¼ 0.440]. Grouping gain and loss at decision into
a single, expected value predictor, expected value is represented in both
left [β ¼ 1.799, t(2718.2) ¼ 2.50, p ¼ 0.0124] and right vmPFC [β ¼
1.813, t(2727.1) ¼ 2.258, p ¼ 0.0240], however, activity at decision does
not predict choice for either the left [β ¼ �0.045, z ¼ �0.784, p ¼ 0.513]
or the right vmPFC [β ¼ �0.029, z ¼ �0.501, p ¼ 0.440]. This suggests
that vmPFC does not mediate choice at least in the context of the current
value-based choice paradigm, indeed neither left [Indirect Effect (IE) ¼
-0.082, CI95%¼ -0.345–0.126] (see Fig. 7E) nor right vmPFC [IE¼�0.051,
CI95% ¼ -0.304–0.169] (see Fig. 7F) mediates between value and choice.

3.2. Identification of neural regions for mediation analysis

Potential value-choice mediating regions must (a) be predicted by
expected value at decision, increased activity to expected gain and
decreased activity to expected loss as demonstrated above, and (b) ac-
tivity in these regions must also predict choice when controlling for ex-
pected value. We calculated voxelwise, logistic multilevel models where
choice was predicted with trial-related neural activity while controlling
for subject-related and scanning run-related activity and expected gain
and loss. Several clusters meeting these criteria were observed: bilateral
vSTR [right: Fig. 6A, (12, 6, �8), size ¼ 48; left: Fig. 6B, (�10, 8, �10),
size¼ 48], and left PPC [Fig. 6C, (�32,�74, 28), size¼ 12) as predicted.
For whole brain results where trial-related brain activity predicted choice
at decision see Fig. A12 and Table A12 and for whole brain potential
mediating regions see Fig. A13 and Table A13.

3.3. Ventral striatum and PPC mediate between expected value and choice

Within potential, value-choice mediating regions, we calculated the
mean time series of trial-related activity for each region, then modelled
the neural activity in the region as a linear function of expected value
(expected gain - loss), and modelled binary choice response as a logistic
function of trial-related activity within each candidate region within our
multilevel framework. We then used stacked multilevel modelling to
estimate the covariance structure of these models simultaneously (see
Methods).



Fig. 4. Neural activity by expected value at de-
cision.
Expected value at decision is represented in several
regions in the brain including: (A) posterior parietal
cortex, (B) right ventral striatum, and (C) left ventral
striatum. Expected value (E) is represented as
increased activity due with increased expected gain
(solid line) and decreased activity with expected loss
(dashed line); the effect for right ventral striatum is
displayed. Other regions, including the visual cortex
(D) display activity consistent with the magnitude of
expected values, increasing activity with increased
gains and losses (F). Colored regions on brain slices
represent t-values, where positive t-values are indi-
cated by hot colors and negative t-values indicated
by cool colors; expected gains are displayed on the
left brain slice and expected losses on the right brain
slice. For coronal slices, slice orientation puts left
hemisphere on the right side of each slice. Solid lines
indicate values associated with expected gains and
dashed lines represent values associated with ex-
pected losses. Shaded regions indicate 95% confi-
dence intervals.
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Models of mean time series within vSTR in both the right (Fig. 7A)
and left (Fig. 7B) hemispheres and left PPC (Fig. 7C) are consistent with
voxelwise models; activity related to expected value [right vSTR: β ¼
4.096, t(2709.7) ¼ 5.896, p ¼ 4.194x10�9; left vSTR: β ¼ 5.014,
t(2722.2) ¼ 5.567, p ¼ 2.843x10�8; left PPC: β ¼ 3.372, t(2736.2) ¼
4.350, p ¼ 1.411x10�5] and trial-related changes in neural activity
predicted choices [right vSTR: β ¼ 0.293, SE ¼ 0.000, z ¼ 4.994, p ¼
5.927x10�7; left vSTR: β ¼ 0.228, SE ¼ 0.000, z ¼ 3.931, p ¼
8.456x10�5; left PPC: β ¼ 0.157, z ¼ 2.856, p ¼ 4.287x10�3]. Thus,
bilateral vSTR and left PPC meet criteria for potential mediation. Medi-
ation analysis reveals that activity in each of these regions mediates the
relationship between expected value and choice [right vSTR: IE ¼ 1.201,
CI95% ¼ 0.633–1.886; left vSTR; IE ¼ 1.145, CI95% ¼ 0.503–1.913; left
PPC: IE ¼ 0.576, CI95% ¼ 0.162–1.105]. Indirect effects are calculated
using a Monte Carlo multivariate procedure, which generates a distri-
bution of indirect effects; these distributions are displayed in the right-
most column of Fig. 7. Indirect effects are considered significant if the
95% confidence interval of their posterior distributions does not overlap
with 0.

Given the highly correlated nature of neural activity between regions
(e.g., activity in right vSTR correlates with activity in left vSTR [r ¼
0.734, t(2770)¼ 56.87, p~0] and left PPC[r¼ 0.295, t(2770)¼ 16.26, p
¼ 7.428x10�57]), it is important to demonstrate that mediation is not the
spurious result of common variance. To test this possibility, we explored
the region within the visual cortex where activity increased in relation to
expected gain and loss [but not combined expected value: β ¼ 1.313,
t(2705.8)¼ 1.139, p¼ 0.2549], activity predicted choice [β¼ 0.155, z¼
2.728, p ¼ 6.365x10�3], and activity was highly correlated with activity
in other regions (left vSTR: [r ¼ 0.378, t(2770) ¼ 21.52, p ¼
4.228x10�95]; right vSTR: [r ¼ 0.425, t(2770) ¼ 24.74, p ¼
3.081x10�122]; and PPC: [r ¼ 0.324, t(2770) ¼ 18.05, p ¼
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5.680x10�69]). The indirect path through visual cortex was not signifi-
cant [IE¼ 0.202, CI95%¼ -0.149–0.661] (see Fig. 7D). Thus, it is unlikely
that significant mediation is due to some general, shared variance
component of neural activity.

It is important to note that motor processing in the brain is necessarily
proximal to the actions that implement choice relative to value processes,
e.g., motor cortex directly evokes muscle movements to enact choice.
Thus, motor cortex and neural substrates of value-driven behavioural
control, such as the dorsal striatum (Frank and Claus, 2006) should
mediate between value processes and choice. Indeed, we observed a re-
gion in left pCG (contralateral to right-handed responses) that mediates
between value and choice [IE ¼ 1.097, CI95% ¼ 0.569–1.745], but not in
dorsal striatum. While task design features allow disambiguation of
processes up to abstract representations of value-based choice,
action-value representations were not conditional on any feature of the
gamble task. Thus, these processes could not be distinguished here.

3.4. Interregional mediation in the value-based choice network

Since multiple brain regions mediate between expected value and
choice, it is important to understand how information flows between
them in service of choice. We tested whether these value-choice media-
tors also mediate between the neural activity in other mediator regions
and choice. VmpFC does not predict decision and has already been
excluded as a mediator; the remaining alternatives regarding interre-
gional mediation of choice, include the PPC and vSTR (see Fig. 8). A third
alternative is that they function together to aggregate value information,
where there is partial mediation for both pathways. We performed
pairwise comparisons between value-choice mediators in both di-
rections, e.g., whether right vSTR mediated between left PPC and choice
and whether left PPC mediated between right vSTR and choice.



Fig. 5. Neural activity at outcome.
Both left (A) and right (B) posterior parietal cortex
appear to represent the magnitude of outcome
values, increasing activity (C) for both gains and
losses at outcome; results for left posterior parietal
cortex shown. By contrast, left (D) and right (E)
ventral striatum as well as left (F) and right (G)
ventromedial prefrontal cortex represented the
received value at outcome. This is demonstrated by
increased activity with gains (solid line) on gambles
taken and decreased activity with loss (dashed line)
on gambles taken (H); results for right ventromedial
prefrontal cortex shown. Moreover, these regions did
not represent the value of unchosen options at
outcome (H, top panel). Colored regions on brain
slices represent t-values, where positive t-values are
indicated by hot colors and negative t-values indi-
cated by cool colors; outcome gains are depicted on
the left brain slice and outcome losses on the right
brain slice. For coronal slices, slice orientation puts
left hemisphere on the right side of each slice. Solid
lines indicate values associated with outcome gains
and dashed lines represent values associated with
outcome losses. Shaded regions indicate 95% confi-
dence intervals.
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3.5. Ventral striatum mediates the relationship between PPC and choice

First, linear multilevel modelling, where brain activity in one region
is used to predict activity in a potentially mediating region, reveals that
all pairwise comparisons between regions are significant, which is to be
expected with highly correlated brain signals. This includes: left PPC
activity predicted by right vSTR [β ¼ 0.475, t(2733.0) ¼ 28.229, p ¼
4.612x10�154] and left vSTR [β ¼ 0.392, t(2731.0) ¼ 22.287, p ¼
3.075x10�101], right vSTR activity predicted by left PPC [β ¼ 0.464,
t(2740.0) ¼ 27.406, p ¼ 2.366x10�146] and left vSTR [β ¼ 0.757,
t(2734.0) ¼ 60.653, p~0], and left vSTR predicted by left PPC [β ¼
0.417, t(2728.0) ¼ 23.981, p ¼ 1.751x10�115] and right vSTR [β ¼
0.759, t(2730.0) ¼ 60.877, p~0] (See Fig. 9A).

Second, generalized multilevel modelling predicted choices with
trial-related brain activity in the potential mediating region while con-
trolling for activity in the other brain region and expected value (see
Fig. 9B). Activity in right vSTR predicted choice consistently, after con-
trolling for left vSTR [β ¼ 0.289, z ¼ 4.781, p ¼ 1.741x10�6] or left PPC
[β ¼ 0.299, z ¼ 6.659, p ¼ 2.760x10�11], as did left vSTR after con-
trolling for PPC [β ¼ 0.193, z ¼ 4.436, p ¼ 9.161x10�6] but not right
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vSTR [β¼ 0.074, z ¼ 1.227, p¼ 0.220]. Activity in PPC predicted choice
after controlling for right vSTR [β¼ 0.099, z¼ 2.222, p¼ 0.0263] or left
vSTR [β ¼ 0.120, z ¼ 2.817, p ¼ 4.850x10�3].

Finally, given the numerous pairwise comparisons, we report an FDR
corrected 99.75% confidence interval corresponding to an FDR correc-
tion due to 20 tests. Pairwise mediation analysis (see Fig. 9C) indicated
that both right vSTR [IE ¼ 0.139, CI99.75% ¼ 0.097–0.181] and left vSTR
[IE ¼ 0.080, CI99.75% ¼ 0.044–0.117] fully mediate between activity in
the PPC and choice. By contrast, this flow of information is unidirectional
for choice, where PPC does not mediate between right vSTR [IE ¼ 0.047,
CI99.75% ¼ -0.017–0.110] or left vSTR [IE ¼ 0.047, CI99.75% ¼
-0.003–0.100] and choice. The results are consistent with the notion that
the vSTR forms a pathway through which information must flow before
making a decision (see Fig. 10). We also observe that the right vSTR
mediates between left VSTR and choice [IE ¼ 0.219, CI99.75% ¼
0.082–0.359] but not vice versa [IE ¼ 0.056, CI99.75% ¼ -0.083–0.195]
suggesting the vSTR mediation of decision may be somewhat lateralized
in this context. To provide additional validation, we tested the mediation
models using multilevel structural equation modelling as implemented in
laavan for R (Rosseel, 2012). As with the stacked regression approach,



Fig. 6. Potential mediators between expected value and choice.
Right ventral striatum (A), left ventral striatum (B), and left posterior parietal
cortex (C) potentially mediate between expected value and choice. The regions
displayed are the result of a conjunction between regions that increased activity
with gain at decision, decreased activity with loss at decision, and trial-related
activity predicted choices. Colored regions on brain slices represent z-values
where trial-related activity predicted choice.
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right vSTR mediated the path from expected value to choice [z ¼ 3.446,
p ¼ 0.001] and left PPC did not [z ¼ 0.450, p ¼ 0.653]. For additional
interregional mediation results see Table A14, both left pCG and left
lateral PFC mediate between other regions and choice, however left pCG
results are likely due to motor response (button press) to implement the
response. Left lPFC interregional mediation indirect effects tended to be
somewhat weaker than through right vSTR, i.e., right vSTR mediates
between left lPFC and choice [IE ¼ 0.128, CI99.75% ¼ 0.065–0.195] with
about twice the indirect effect of the reverse direction from left lPFC
through right vSTR [IE ¼ 0.072, CI99.75% ¼ 0.025–0.137].
3.6. Dynamic causal modelling agrees with mediation model

To provide an additional test, whereby we can infer the directionality
of interregional relationships, we used DCM to compare the plausible
models of the value-based choice network. By combining multilevel
mediation analysis with DCM, we can effectively reduce the model set to
only those models that are plausible and consistent with the prior
knowledge generated by multilevel mediation. DCM excels in indicating
which models are relatively more plausible (Daunizeau et al., 2011),
especially when we can constrain the model set included in the com-
parison (Stephan et al., 2009) by including only those models that are
plausible given our multilevel mediation results. For the simple,
value-based choices in our experiment, we can eliminate models from the
ostensibly complete set (see Fig. 1) by: 1) excluding models where
vmPFC is involved at decision as activity in this region is related to
outcomes not choices per se, and 2) including only models where vSTR
mediates between PPC and choice (see Fig. 8). For simplicity, we
included only right vSTR in DCM models, as this had the strongest
mediation effect and appeared to mediate between left vSTR and choice
as well. The models include all models where vSTR mediates between
PPC and choice (Fig. 11), value processing occurs in both regions (except
for models E and F, where vSTR receives value information secondarily
from PPC only) and: A) bidirectional PPC/vSTR connections (Fig. 11A)
and B) unidirectional connection from vSTR to PPC (Fig. 11B) and C)
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unidirectional connection from PPC to vSTR (Fig. 11C) and D) no
connection between PPC and vSTR (Fig. 11D) and E) bidirectional
PPC/vSTR connections (Fig. 11E), and F) unidirectional connection from
PPC to vSTR (Fig. 11F).

DCM indicated that Model C (see Fig. 10) where both vSTR and PPC
process value information, but this information flows unidirectionally
from PPC to vSTR, and vSTR determines choice is the most likely model
of value-based choice. This was consistent when using fixed effects
(relative log evidence ¼ 12,346, posterior p ¼ 1) or random effects (ϕc ¼
97.2%). All other models were less likely for fixed effects [relative log
evidence: A ¼ 11,935, B ¼ 307, D ¼ 0, E ¼ 1602, F ¼ 1333; all posterior
p ¼ 0] and random effects [ϕA ¼ 2.94%, ϕB ¼ 0.00%, ϕD ¼ 0.00%, ϕE ¼
0.00%, ϕF ¼ 0.04%]. Model C is most consistent with our multilevel
mediation results as well.

4. Discussion

Understanding value-based choice requires understanding how
stimulus values are manipulated by the brain to produce choice. Research
in this regard has heretofore predicted neural activity from choices and/
or task parameters. We provide the first direct test of how activity in
reward-related brain regions mediates between expected value and
choice. This mediation constitutes direct evidence that bilateral vSTR
and PPC transform incoming information regarding the expected value of
a decision to select whether or not to take a gamble. By contrast, vmPFC
activity does not predict choice nor does it mediate between expected
value and choice selection. These data are consistent with the notion that
deployment of neural resources in the value-based decision network
depends on choice parameters (i.e., simple, take/pass gambles); network
nodes are not necessary for all types of choices. Moreover, our observa-
tion that activity in the vSTR fully mediates between activity in the PPC
suggests that vSTR has a more proximal role to choice selection (i.e., our
data are consistent with the notion that the vSTR and not the PPC is the
final arbiter of choice for these simple value-based choices), further
refining the directionality of processing in the decision network. These
results are consistent with the literature that indicates that activity in the
vSTR (also labelled as nucleus accumbens) generalizes to predict future
choices as well. For example, when individuals made decisions whether
to fund a proposed project, vSTR activity predicted choices on a trial-by-
trial basis and predicted future choices (Genevsky and Knutson, 2015;
Genevsky et al., 2017). Likewise, vSTR activity has been shown to be the
strongest predictor of response to advertisement (Venkatraman et al.,
2015).

The timeline of processing events that is consistent with our results
would start with concurrent activity in PPC and vSTR, where PPC ex-
tracts numeracy/magnitude information and vSTR extracts valuation
information. Numeracy/magnitude information is fed into the vSTR to be
utilized for valuation and value comparison. A decision is then formed
when valuation information is compared between choices in the vSTR
then fed forward to motor systems to implement the choice. This is
consistent with PPC activity that has been shown to be more related to
the numeric magnitude of options rather than value (Kanayet et al.,
2014), which is consistent with localization of numeric representations
(Cohen Kadosh et al., 2011). However, this specific interpretation is
limited by the current study design, as numeric magnitude and monetary
value were confounded. Additionally, lateralization of effects in the PPC
appears to differ as a function of decision (left only) versus outcome
(bilateral). During decision, gain and loss magnitudes need to be multi-
plied by their probabilities which is consistent with left lateralization of
PPC activity and outcome evaluation only requires addition/subtraction
to running totals which may be more related to bilateral PPC activity
(Chochon et al., 1999). Future research designed to explore these effects
would be needed to further delineate the potential for lateralization by
numeric computation in the PPC.

Adding nuance to the literature regarding the role of the vmPFC for
choice (Boorman et al., 2013; e.g., Padoa-Schioppa, 2011), our results



Fig. 7. Mediation effects between expected value and choice.
Brain regions that mediate between expected value and choice, include: right ventral striatum (A), left ventral striatum (B), and left posterior parietal cortex (C).
Activity in these regions is related to expected value at decision, trial-related activity in these regions predicts choice, and the indirect effect representing the
mediation pathway from expected value through each of these brain regions to choice is significantly different from zero. Despite being highly correlated with activity
in mediating regions, activity in visual cortex (D) does not mediate between expected value and choice. Moreover, neither left (E) nor right (F) ventromedial prefrontal
cortex mediate decision. The leftmost column of graphs represent the relationship between expected value and neural activity at decision. The central column rep-
resents trial-related activity predicting choice. Shaded regions on left and centre columns represent 95% confidence limits. The rightmost column represents histo-
grams of the posterior distribution of indirect effects, dashed lines indicate zero or no indirect effect, solid lines indicate the lower 95% confidence limit for each
distribution, and darkly shaded distributions indicate effects significantly different from zero.

Fig. 8. Value-based choice models, mediators only.
Alternatives for the value-based choice network. Mediation results indicate that
ventromedial prefrontal cortex does not mediate choice. Potential remaining
regions that mediate choice include posterior parietal cortex and ventral stria-
tum. Arrows represent information flow, where each of these regions potentially
mediates between value and choice. Regions and connections that have been
excluded by our mediation result are depicted in light gray, dotted lines, and
circles rather than arrows.
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indicate that vmPFC is unlikely to be necessary for the type of simple
take/pass choices used in the current study. Indeed, our data are more
consistent with a role for vmPFC in outcome evaluation rather than at
decision. This result contrasts with other results in the literature that
observed that vmPFC activity related to expected loss at decision, where
take/pass gambles were not paid during fMRI scanning (further disso-
ciating decisions from outcomes) (e.g., Tom et al., 2007). These results
might be clarified by further examination of the differences between
paradigms, for example, our task and that of Tom et al. (2007) differ in
the difficulty of calculating the probabilistic relationship between ex-
pected values and outcomes (i.e., consistent 50/50 chances are poten-
tially easier to calculate than variable probability values in the current
design). Wunderlich et al. (2009a,b) observed that vmPFC encoded the
expected value of chosen options (i.e., after an action has been selected)
with a task where decisions and outcomes were probabilistically and
temporally dissociated, which is consistent with our results in that
vmPFC contributions to choice evaluation come after decisions are made.



Fig. 9. Interregional mediation.
Pairwise interregional mediation effects for all pairwise pathways between left posterior parietal cortex (PPC), right ventral striatum (vSTR), and left vSTR. ‘Causal’
neural signals are potentially mediated by ‘mediating’ neural signals: (A) mediating signals predict causal signals for all pairwise pathways. (B) Mediating signals
predicted choice after controlling for causal signals for all pairwise pathways, excluding left vSTR to right vSTR. (C) Pathways where left PPC was the mediating region
did not have significant indirect effects, suggesting left PPC does not mediate between activity in other regions and choice. By contrast left vSTR mediated between left
PPC only and choice, but right vSTR mediat between both left PPC and left vSTR and choice suggesting that simple, value-based choices are fully mediated by right
vSTR. For (A) and (B) shaded regions represent 95% confidence intervals. For (C) histograms represent posterior distributions for the indirect effects, dotted lines
indicate zero or no significant effect, solid lines represent the 99.75% confidence limits (i.e., correct for multiple pairwise comparisons), and darkly shaded histograms
represent significant interregional mediation effects.

Fig. 10. Observed value-based choice network model.
The convergence of our multilevel mediation models along with consistent dy-
namic causal modelling results, the value-based choice network, at least for the
simple take/pass decisions in our task appears to be fully mediated by the
ventral striatum.
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These along with other experimental design differences highlight the
need for decision-making paradigms that isolate components of
value-based choice, and it underscores the notion that deployment of
neural resources for decision-making is highly dependent on circum-
stances rather than a core region (or set of regions) always necessary for
choice. Moreover, isolating components of value-based choice provides a
potential base for our understanding on which we can scaffold more
complex decision processes to work toward an understanding of
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multifaceted, real-world decision-making from the ground-up. Our data
do not preclude the possibility that the vmPFC/OFC is necessary or suf-
ficient for other value-based choices, e.g., when comparing options,
when options vary in abstraction (food vs. money vs. points, etc.), or
when time constraints are reduced (Jocham et al., 2014), though we have
demonstrated that it is not necessary under all conditions. Further
research comparing these differences in experimental manipulation
within-subjects may help resolve this and other issues.

Evidence of significant mediation is insufficient to determine a causal
relationship, but can act to rule out models that are causally less plausible
(i.e., non-significant results argue against causal mediation, though sig-
nificant results do not prove causal mediation). When the causal chain of
events is clearly specified, as is assumed to be the case for expected value
to brain activity to choice, interpretation is straightforward. One limi-
tation of the current multilevel mediation method is that when the causal
chain is less clear, as in interregional mediation, interpretation is less
clear cut and further research will be need to confirm these directional
relationships. Our multilevel mediationmethod effectively constrains the
set of possible models to a small set of plausible models which can then be
compared using dynamic causal modelling. DCM is consistent with our
interregional mediation analyses, and indicates that a unidirectional flow
of information from PPC to vSTR which in turn flows to choice, is the



Fig. 11. Exploring Interregional Mediation with Dynamic Causal Model-
ling.
For dynamic causal modelling of interregional relationships, we included only
models where vSTR mediated between PPC and choice, consistent with our
multilevel mediation results. These models include: A) bidirectional PPC/vSTR
connections, B) unidirectional connection from vSTR to PPC, C) unidirectional
connection from PPC to vSTR, D) no connection between PPC and vSTR, E)
bidirectional PPC/vSTR connections, and F) unidirectional connection from PPC
to vSTR. In models A-D, both PPC and vSTR receive value-related information as
input, but in models E and F only the PPC receives value information as input,
which it relays to vSTR.
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most likely model. Our data suggests that the vSTR and not the PPC is the
most proximal value computation for choice. After accounting for vSTR
activity, the relationship between PPC and choice is eliminated, sug-
gesting that the vSTR fully mediates the pathway. These results conflict
with the conclusion that because PPC activity relates to between-subjects
differences in reaction time and activity in other value processing regions
(Basten et al., 2010; Domenech et al., 2017; Rodriguez et al., 2015) that
the PPC must mediate choice. In regard to decision-making, between--
subjects differences in response time is not the correct level of analysis.
Rather, trial-level changes in response times within-subjects reflect the
aggregation processes necessary for decision-making. Moreover, previ-
ous analyses of relationships between PPC and value ignored their
‘causal’ direction. Future research could benefit from targeting trial-level
differences in response time and apply the multilevel mediation methods
demonstrated here to further probe the direction of interregional
relationships.

There is also uncertainty regarding the reliability of these measures.
There is substantial measurement error associated with brain activity due
to the physics underlying the BOLD response, and this likely results in
underestimation of the mediation effect (Fritz et al., 2016). In addition,
given the number of brain regions or neurons therein, it is likely that
variables are omitted. The present approach does not preclude the pos-
sibility that activity in other regions might cause both activity in our
regions of interest and choices. Omitting a variable may overestimate the
mediated effect (Fritz et al., 2016). Independent, hypothesis-driven ex-
periments specific to variables of interest are necessary to further eluci-
date the details of the value-based choice network.

Our data suggest that the vSTR implements the selection process most
proximal to choice as demonstrated by mediating between expected
value and choice as well as between activity in PPC and choice. This vSTR
function is consistent with the view that dopamine activity in the vSTR
influences action selection and modulation of choice behaviours in
conjunction with the dorsal striatum (Frank and Claus, 2006; Salgado
and Kaplitt, 2015). Furthermore, our data are consistent with the notion
that the vSTR is a necessary common path between cortical and limbic
value processing and the motor system (Groenewegen et al., 1996; Nic-
ola, 2007) including influences on cortical motor systems and potential
direct (non-cortical) influences on locomotor activity via midbrain re-
gions (Haber et al., 1990; Hikosaka et al., 2000; Takakusaki et al., 2003;
Takakusaki et al., 2004). Clarifying what this role is or what the relative
contributions of dorsal and ventral striatum are will require further data.
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Given the lack of obvious direct connections between PPC and vSTR, this
pathway is likely multi-synaptic, further experiments will need to be
designed that target these portion of the pathway. Finally, our results do
not preclude the possibility that the vSTR is involved in evaluating all
stimuli regardless of choice, or it might be inextricably linked to imple-
menting value-based choice and active only when value-based choices
are required. Future, hypothesis-driven research could leverage these
multilevel mediation techniques to further elucidate the role of the vSTR
in relation to value-based decision-making and illuminate its role in
relation to action selection and motor output regions.

5. Conclusion

Our results show that neural activity in the VStr and PPC mediate the
relationship between expected value and choice. Moreover, the VStr
provides a final common path between neural representations of value
and choice. In addition, we provide an application of linear and gener-
alizedmultilevel modelling to functional neuroimaging to account for the
hierarchically structured error inherent to functional neuroimaging, and
demonstrate that mediation models can provide evidence consistent with
causal interpretations of brain activation.
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