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ARTICLE INFO ABSTRACT

Keywords: Humans navigate in complex environments with abundant information. However, it is unclear how the human
Frontopolar cortex brain involves specific mechanisms to extract meaningful features from high-dimensional information to guide
Area 10

adaptive decision making. Here, we focused on investigating the causal role of the lateral frontopolar cortex
(FP1), an area uniquely evolved in the human brain, in decomposing high-dimensional choice information. This
was achieved via three experiments that collectively involved transcranial magnetic stimulation (TMS), resting-
state functional magnetic resonance imaging (fMRI), task-based fMRI, and computational modelling. First, we
found that disrupting FPI using TMS with a continuous theta-burst stimulation (cTBS) protocol impaired decision
making with high-dimensional, but not low-dimensional, information. Second, we developed a computational
model that arbitrates between a multi-feature decomposition mechanism and a simple heuristic. This model
aided explaining that the FPI-TMS effect was attributed to diminished capabilities in multi-feature decomposi-
tion. Finally, fMRI data revealed stronger intrinsic FPI signals were related to greater tendency of employing
multi-feature decomposition. Together, our results suggest a causal role of FPl in extracting decision-related

Anterior preforntal cortex
Decision making
High-dimensional choice information

features from high-dimensional information.

1. Introduction

Human is particularly good at making sense of complex, high-
dimensional information, which is important to making adaptive de-
cisions in the human-shaped environment. For example, investing in
stock requires decomposing months or years of daily stock price into
useful features for guiding decisions, such as the average price, risk, and
occurrence of extreme events. There has been great interest in studying
neuroeconomic processes shared amongst primate species. However,
how the human prefrontal cortex has developed specific mechanisms for
solving human-shaped neuroeconomic problems is broadly unclear. To
address this theoretical gap, one reasonable approach is to focus on
investigating brain regions that are well-developed in the human brain,
relative to other primate brains. The lateral subdivision of the fronto-
polar cortex (FP]) is a good candidate because it is considered a uniquely
developed region of the human brain due to its sulcal morphology and
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connectivity fingerprint (Amiez et al., 2023; Neubert et al., 2015, 2014).
Recently, there is also a growing interest in stimulating the frontopolar
cortex for treating psychiatric disorders (Soleimani et al., 2024). Hence,
the current study focuses on studying the specific role of the human FP1
in decision making.

Intriguingly, FP1 activity was reported in decision-making processes
shared amongst other primate species, which raises questions about the
unique function of the human FPI. For example, it was found that the FP1
signals exploration and counterfactual information while humans were
performing a decision-making task (Boorman et al., 2011, 2009; Daw
et al., 2006; Raja Beharelle et al., 2015). However, similar signals can
also be found in the human dACC (Boorman et al., 2011; Doll et al.,
2015; Kolling et al., 2012) or the macaque dACC (Blanchard and Hay-
den, 2014; Fouragnan et al., 2019; Hayden et al., 2011) when both
species were given a similar task. Although it is unclear what are the
specific neuroeconomic functions of the human FPl, it appears it is
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related to handling of information in changing environments.

Given that the human environment is abundant in information, we
hypothesize that the FPl is involved in decomposing high-dimensional
information for guiding economic choices. This hypothesis is sup-
ported by a few views. In brief, one view suggests that the FPI enables
cognitive branching - the ability to put one task on hold and resume it
later, while being interrupted by a second task (Koechlin, 2014, 2011).
Another theory suggests that the FPI is involved in using analogy or
analogical reasoning - the ability to identify similarities between ab-
stract features and to generalize that to new cases (Aichelburg et al.,
2016; Urbanski et al., 2016; Volle et al., 2010). A third view suggest that
the FPl is involved in abstract rule switching (Badre and Nee, 2018; Nee
and D’Esposito, 2016). Arguably, one commonality of these three views
is that the process involved in the FPI should involve combining infor-
mation into meaningful features to inform decision making.

Here, we probed the causal role and the precise mechanistic pro-
cesses of the FP], a unique region of the human brain, in decomposing
high-dimensional information during decision making. Three key
questions to address are: (1) Does disruption of FPl lead to impaired
decision making with high-dimensional information? (2) How is high-
dimensional information decomposed for guiding decision making?
(3) Can FPI's functional profile be explained by the decomposition of
high-dimensional information? To investigate the underlying mecha-
nism, we performed three experiments that collectively involved a
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combination of transcranial magnetic stimulation (TMS), resting-state
functional magnetic resonance imaging (fMRI), task-based fMRI, and
computational modelling. Our analyses yielded four key findings. First,
disrupting the FPl using TMS impaired decision making only when
participants encountered high-dimensional, but not low-dimensional,
information (Experiment 1). Second, we established a computational
model that describes individuals’ extent of using a multi-feature
extraction process versus a heuristic of simple averaging for digesting
choice information (Experiment 2) and this model was robust across all
three experiments that involved FP1-TMS, fMRI, or without any TMS or
fMRI. Third, by applying the computational model, we showed mecha-
nistically that the disruption in high-dimensional choice after FPI-TMS
was due to a shift from the multi-feature extraction to simple heuristic
(Experiments 1 and 2). Finally, individuals who showed stronger signals
in the FPI also used the multi-feature extraction to a larger extent (Ex-
periments 2 and 3). These convergent findings provide causal evidence
showing the mechanism of the FPI for digesting high-dimensional in-
formation during decision making.

2. Results
2.1. Impaired high-dimensional choice after FPI disruption

How FPl mechanistically decomposes and integrates the high-
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Fig. 1. Study design. (A) Previous findings revealed a double dissociation of FP1 and vmPFC in high-dimensional choice and low-dimensional choice respectively,
and PCC flexibly communicated with FP1/vmPFC to guide high-/low-dimensional choice (Law et al., 2023). (B) A two-stage decision making task. Each block began
with a Stage 1 high-dimensional choice trial, followed by Stage 2 low-dimensional choice trials. On each Stage 1 trial, participants chose between two
high-dimensional options. Each high-dimensional option was composed of twenty low-dimensional gambles. The reward probabilities of these twenty gambles were
represented by the heights of twenty bars and their average reward magnitude was represented by a number. After choosing a high-dimensional option, two
component gambles from which were pseudo-randomly drawn. Participants had to choose between these two low-dimensional gambles and then a probabilistic
reward was delivered subsequently. (C) This study involved three experiments. In Experiment 1, participants received resting-state functional MRI scanning,
experienced a taster session of the TMS pulses, and performed a practice run to familiarize with the experimental task in Session 0. Sessions 1 and 2 were the TMS
sessions in which participants performed the task after TMS or performed the task without TMS. TMS was applied over the key FP1 region or the control vertex region.
The order of TMS conditions (TMS or no TMS) and TMS region was counterbalanced across participants. In Experiment 2, different computational models were
developed for describing the mechanistic processes underlying high-dimensional choice and how they were impaired after TMS. In Experiment 3, the best-fitting
computational model developed in Experiment 2 was further used to explain FPI’s activities during high-dimensional choice. (D) (Top panel) The stimulation po-
sition of FPI in Experiment 1 was defined based on the coordinates that are implicated in decision making with high-dimensional information (Law et al., 2023). It
also overlaps with the area of FP1 that is suggested to be unique in hominid species (Neubert et al., 2015). (Bottom panel) The simulated electric field (E-field) centred
at the stimulation position of FP1. White bars represent the distances of the stimulation position away from the scalp (X = 80.4121+1.9954; Y = 127.1519+1.6541; Z
= 21.2643+2.4483).
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dimensional information into meaningful features for decision making
remains highly unclear despite the neuroimaging findings showing that
FPI passes digested high-dimensional choice information to posterior
cingulate cortex (PCC) for guiding decision making (Law et al., 2023)
(Fig. 1. A). In this study, we further examined the causal role of FPI in
digesting high-dimensional choice information and its precise compu-
tational mechanisms. To this end, we first tested whether and how
disruption of FP1 would impair high-dimensional choice behavior. In
Experiment 1, participants were required to perform a two-stage deci-
sion making task, in which choices in Stage 1 involved high-dimensional
information and choices in Stage 2 involved low-dimensional informa-
tion. Specifically, Stage 1 involved choosing between two collections of
gambles (Fig. 1. B, S1). Each collection involved high-dimensional in-
formation of twenty gambles - individual probabilities of the twenty
gambles and the average reward magnitude of these gambles. After
choosing a collection, from which two gambles were randomly drawn
and offered subsequently in Stage 2. Each of these low-dimensional
gambles in Stage 2, similar to many typical studies (e.g., Hunt et al.,
2012; Jocham et al., 2014; Kolling et al., 2014; Strait et al., 2014), was
associated with certain levels of reward probability and magnitude.
High-dimensional choice in Stage 1 therefore required digesting and
integrating multifaceted information. A simulation was run and the re-
sults confirm that the best strategy in Stage 1 to maximize reward in-
volves considering the variance and skewness of the reward
probabilities (Fig. S2). To examine the causal role of the FPl in
high-dimensional choice, participants received TMS, using a continuous
theta-burst stimulation (cTBS) protocol, to disrupt their FPls before
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performing the task (Fig. 1. C, D). On another day, they underwent an
active control condition where they received TMS over the vertex. On
both days, participants also performed the task with no prior TMS as
additional control conditions. The sequence of the conditions (TMS vs no
TMS; FPI vs vertex) was counterbalanced across participants.

A general linear model (GLM) was first performed to test partici-
pants’ use of choice information to guide their decisions. We regressed
participants’ high-dimensional choices against the reward magnitude
and the mean, variance, and skewness of the reward probabilities. As
expected, participants preferred options with greater reward magni-
tudes (i.e., Rew(r.1y; fs > 2.5397, ps < 3.6554 x 1078 Fig. 2. A, left
panel) and greater mean reward probabilities (i.e., Prob-Meang.r,; fs >
1.4511, ps < 3.7845 x 107% Fig. 2. A, left panel). They also preferred
greater variances of the reward probabilities (i.e., Prob-Variance.1); fs
> 0.1631, ps < 0.0386; Fig. 2. A, left panel) in all conditions, although
no effect of the skewness of the reward probabilities was observed (i.e.,
Prob-Skewness(g.r); fs < 0.1009, ps > 0.2172; Fig. 2. A, left panel). The
Stage 2 low-dimensional choices were tested by regressing against the
differences in reward magnitude and reward probability between the
options. Not surprisingly, participants preferred options with greater
reward magnitudes (i.e., Rewg.1); fs > 2.7045, ps < 1.7908 x 10"10;
Fig. 2. A, right panel) and reward probabilities (i.e., Probw.r); fs >
3.8345, ps < 2.3205 x 1075 Fig. 2. A, right panel).

We next turned to examine whether participants made less optimal
choices on high-dimensional choice trials but not low-dimensional
choice trials, after the FPl was disrupted. This was tested via a
repeated measures three-way ANOVA [Region (FP1 vs Vertex),
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Fig. 2. Impairment in high-dimensional choice after FPI-TMS. (A) A logistic regression revealed that participants’ choices were guided by the options’ reward
magnitude and reward probability, in both high-dimensional and low-dimensional choices. (B) (Left panel) However, on the high-dimensional choice trials, the
percentage optimal choice was significantly lower on TMS trials than no-TMS trials in the FPI session. In contrast, the percentage optimal choice was comparable
between the TMS and no TMS trials in the control Vertex session. On low-dimensional choice trials, there was a lack of TMS effect on both FPI and Vertex sessions.
(Right panel) Participants also made slower responses in high-dimensional choice than low-dimensional choice. Error bars represent mean + SEM. *p < 0.05 for the

Region x Stimulation x Choice type interaction.
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Stimulation (TMS vs no-TMS), and Choice type (high-dimensional vs
low-dimensional)] on participants’ percentage optimal choice data, in
which optimal choice was defined according to the normative expected
value (EV). We observed a significant Region x Stimulation x Choice
type interaction (F (1,17) = 5.1316, p = 0.0368, 1% = 0.2319; Fig. 2. B,
left panel, Table S1). A post hoc analysis showed that in the FPI session
participants made less optimal choice on TMS trials than no-TMS trials
during high-dimensional choice (F (1) = 4.4687, p = 0.0496, FWER-
corrected p = 0.0883; Table S1). In contrast, in the vertex session par-
ticipants’ proportions of optimal choice were comparable on TMS and
no-TMS trials (F (1) = 0.1756, p = 0.6807, FWER-corrected p = 0.8849;
Table S1). The same post hoc analyses were applied to the low-
dimensional choice and not surprisingly there was no significant dif-
ference between the TMS trials and no-TMS trials in the FPI session (F (1)
= 2.8023, p = 0.1124, FWER-corrected p = 0.3639; Table S1) or in the
vertex session (F (1) = 0.5730, p = 0.4595, FWER-corrected p = 0.8369;
Table S1). Crucially, this specific FPI-TMS effect on impairing high-
dimensional choice, but not low-dimensional choice, could not be
explained away by any difference in difficulty level between high-
dimensional choice and low-dimensional choice, because the overall
percentages of optimal choice were comparable in the two stages (F
(1,17) = 1.2614, p = 0.2770, % = 0.0691). Notably, two controlling
factors were included as covariates in the ANOVA as the variances in
these factors could potentially confound the results. Figure S3 shows the
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correlations between the choice accuracy and the covariates. First, re-
action time, which could account for influences on choice accuracy due
to the speed-accuracy trade-off. Indeed, we found that participants
responded more slowly in high-dimensional choice than low-
dimensional choice (t26 = 6.2241, p = 1.3847 x 10°% Fig. 2. B, right
panel). Second, the peak resting-state functional connectivity (rsFC)
between FPl and PCC. The FPI-PCC functional coupling was found
selectively facilitating high-dimensional, but not low-dimensional,
choice (Law et al., 2023). Moreover, TMS efficacy was found to be
correlated with the intrinsic functional connectivity of the target region
with its functionally coupled regions (Fox et al., 2012; Hawco et al.,
2018), which makes it highly variable across individuals. We repeated
the ANOVA without the covariates and showed that the specific FPI-TMS
effect on impairing high-dimensional choice would be obscured by the
covariates as the Region x Stimulation x Choice type interaction
became non-significant after covariates removal (Table S1). To further
confirm the reliability of this interaction during high-dimensional
choice, we conducted a post-hoc power analysis. The results showed
that the sample size was sufficient to detect the effect (7% = 0.2319, a =
0.05, power = 1.0000).

In light of the role of PCC in utilizing the digested information from
FPI to guide decision making and its functional-coupling with FP1 during
high-dimensional choice (Law et al., 2023), and greater efficacy of TMS
is related to stronger intrinsic functional connectivity (Fox et al., 2012;
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Fig. 3. Crucial role of FPI-PCC connection in high-dimensional choice. (A) A whole-brain resting-state functional connectivity analysis revealed FP1 and PCC were
intrinsically connected. For illustration purpose, a FPl mask (Neubert et al., 2015) was applied to indicate the area-of-interest in (B) and (C). (B) Crucially, after
FP]-TMS, participants with stronger intrinsic FP1-PCC connectivity showed larger impairment in high-dimensional choice. (C) Such relationship was absent in all

control conditions.
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Haweco et al., 2018), we estimated the degree in which FP1 and PCC were
functionally connected using each participant’s rsFC data (cluster-based
thresholding Z > 3.1, p < 0.0001; Fig. 3. A) and tested whether that was
also related to the extent of TMS effect. We found that participants with
greater FPI-PCC connectivity exhibited fewer optimal choices after
FPI-TMS (r = —0.5537, permutation p = 0.0015; Fig. 3. B), while such
relationship was absent in all three control conditions (|r|s < 0.3075,
permutation ps > 0.0614; Fig. 3. C). In contrast, in low-dimensional
choice a correlation between FPI-PCC connectivity and optimal choice
was absent in all four conditions (Fig. S4). These results support the
notion that high-dimensional choice involves not only the FPI per se, but
also its connection with the PCC.

2.2. Developing computational models for understanding the FPI-TMS
effect mechanistically

Thus far we showed that disruption of FPI resulted in impaired high-
dimensional choice by demonstrating less optimal choices. However, the
precise computational mechanism of FPl in high-dimensional choice
remains unclear. To tackle this problem, we need computational models
for describing the mechanistic processes of making high-dimensional
choice. To this end, we conducted Experiment 2, an experiment using
the same behavioral task without any TMS or fMRI, and went through a
two-phase model development.

In the Phase I model development, we considered that the space of
model development should involve two sets of functions - attribute
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functions and integration functions (see Experiment 2 - Modelling inte-
gration process of high-dimensional information in Methods for details). In
brief, the attribute functions account for possible ways by which choice
attributes (i.e., reward magnitude and reward probability) are repre-
sented. They include (1) a linear function that keeps the magnitude and
probabilities untransformed and then averages the probabilities; (2) a
non-linear (nl) function that transforms the attributes and then averages
the probabilities; (3) a multi-feature (MF) function that involves parallel
decompositions of high-dimensional attribute components into multiple
low-dimensional distribution parameters (i.e., the mean, variance, and
skewness); (4) a nl-MF function involves non-linear transformation of
the attributes prior the application of the MF.

Next, we also considered three possible ways in which reward
magnitude and probabilities could be integrated. First, via a multipli-
cative function by calculating the product of reward magnitude and
probability. Second, via an additive function that combines the reward
magnitude and probability via a weighted-sum procedure. Third, a
combination of both multiplicative and additive procedures.

Altogether, the four attribute functions and three integration func-
tions produce twelve models (Fig. 4). Note that the normative EV model
for defining optimal choice in Fig. 2. B is the same as the model that
consists of a linear attribution function and a multiplicative integration
function.

We fitted participants’ high-dimensional choice data of Experiment 2
with all the twelve models and compared their goodness-of-fit using
Bayesian model selection. The results revealed the Compositey mp
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Fig. 4. High-dimensional choice is best described by a model that arbitrates between a multi-feature extraction process and a simple heuristic. (A) In the first phase
of model development, we applied twelve models (by combining four attribute functions x three integration functions) to the data of Experiment 2, in which
participants performed high-dimensional choices without receiving TMS. Specifically, each model consists of attribution functions to model how the choice attributes
are represented. Each model also consists of an integration function to model how the choice attributes are integrated (either by addition, multiplication or a
composite of both). Particularly, the composite integration function involves an integration coefficient (®) for controlling the arbitration between the multiplicative
and additive integration. A Bayesian model selection showed that the Composite,; yr model (with attribute functions of nl and MF, and a composite integration
function) outperforms the other alternative models. MF = multi-feature extraction; nl-MF = a combined use of nl and MF. Xp = exceedance probability. (B) In the
second phase of model development, the Composite,;_yr model (middle) was further adapted into two alternative models. The MFyy - SFaqa model keeps the multi-
feature extraction process in the multiplicative arm whereas the additive arm involves a simple heuristic that only extracts single feature (left). In contrast, the SFyyy -
MFaqq model involves a simple heuristic in the multiplicative arm while keeping the multi-feature extraction in the additive arm (right). In these two variants, the
arbitration between the multi-feature and single-feature arms is controlled by a multiplex coefficient (¥). A Bayesian model selection showed that the MFyy - SFadq
model outperforms the previously winning Composite, yr model in describing high-dimensional choice behavior in Experiment 2 (bottom panel). (C) Violin plots
showing the fitted parameters of the winning MFyy - SFaqq model of individual participants. Vertical black lines represent the interquartile range. Horizontal black
lines represent the mean. White circles represent the median. T = softmax temperature; ® = magnitude/probability weighting.
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model significantly outperforms all other models (estimated frequency
Ef = 0.9563; exceedance probability Xp = 1.0000; Fig. 4. A), suggesting
that the high-dimensional choice attributes were non-linearly trans-
formed and decomposed into multiple features of summary statistics (e.
g., the mean, variance, skewness). Intriguingly, the results also revealed
participants arbitrated between two integration strategies in parallel,
which are the multiplicative approach and additive approach. Together,
we showed that the Composite,; vy model provides the best account of
participants’ high-dimensional choice behavior - a model that involves
considering choice attributes non-linearly, decomposing high-
dimensional information into multiple digested parameters (i.e.,
mean, variance and skewness), and arbitrating between additive and
multiplicative integration strategies.

Phase I model development provided the foundation for representing
and integrating choice attributes. To further examine the refined com-
putations underlying the decomposition of high-dimensional informa-
tion, we performed the Phase II model development. The winning
Compositey_yr model involves a push-pull mechanism of arbitrating
between a multiplicative approach and an additive approach for infor-
mation integration. The balance between the two strategies is controlled
by an integration coefficient. However, in light of the presumed role of
FPl in processing high-dimensional choice information, we hypothesized
that to better account for FPI’s function, the push-pull system should
instead arbitrate between a multi-feature extraction process and a sim-
ple heuristic. To this end, we further developed two variants of the
Compositey_yvr model. One variant, the MFyy, - SFagq model, involves
keeping the multi-feature extraction (i.e., decomposing the high-
dimensional reward probabilities into the mean, variance, and skew-
ness) in the multiplicative arm and simplifying the additive arm by a
simple heuristic (i.e., decomposing the reward probabilities into the
mean only) (Fig. 4. B, left). As such, the additive arm no longer de-
composes the high-dimensional information into multiple features, but
just into a single feature of the mean. Another variant, the SFyy,1 - MFaqgq
model, involves keeping the multi-feature extraction in the additive arm
and simplifying the multiplicative arm by the single mean feature
(Fig. 4. B, right). Importantly, in both models, the balance between the
multi-feature extraction and simple heuristic processes is controlled by a
multiplex coefficient V.

We fitted the two variant models to the Experiment 2 data and
compared their goodness-of-fit with the previously winning Composi-
ten—mr model. The MFyyy - SFagq model was found outperforming the
other models in describing the high-dimensional choice behavior (esti-
mated frequency Ef = 0.8657; exceedance probability Xp = 1.0000;
Fig. 4. B, bottom panel). We also performed a model recovery analysis
and a parameter recovery analysis to show that the MFyy| - SFagq model
is stable (Fig. S5). Fig. 4C shows each participants’ fitted parameters of
the MFypy) - SFaqg model, including the multiplex coefficient ¥, softmax
temperature T, and magnitude/probability weighting ®. The winning of
the MFyp - SFaqq model suggests that participants’ high-dimensional
choice behavior was better described by the arbitration between a
multi-feature extraction process and a simple heuristic process.

2.3. FPl disruption inhibits the multi-feature extraction process

So far, we have demonstrated that high-dimensional choice was
disrupted by FPI-TMS (Fig. 2). However, it remains unclear what precise
mechanistic processes were disrupted by FP-TMS. With the findings of
Experiment 2 that high-dimensional choice without TMS is best
described by a push-pull mechanism that arbitrates between the multi-
feature extraction and simple heuristic processes (Fig. 4), two explana-
tory hypotheses can be tested. First, FPl disruption resulted in a
completely different strategy of information integration, i.e., behavior
after FP1-TMS was best described by a different model. Alternatively, the
same strategy remained after FP1-TMS, but the computational parame-
ters of that strategy were altered.

To test which hypothesis was the case, we repeated the same model

Neurolmage 328 (2026) 121758

comparison procedures as in Fig. 4, but now using data from the four
conditions of Experiment 1. For the first twelve models, we found that
the Compositey yr model best describes high-dimensional choice
behavior in all four TMS conditions (estimated frequency Efs > 0.9672;
exceedance probability Xps = 1.0000; Fig. 5. A). Next, we further
compared the goodness of fit of the Compositey_yr model with the
variants: the MFyy) - SFaqq and SFypy) - MFpq4 models. We found that the
MFpp - SFaqq model best describes high-dimensional choice behavior in
all TMS conditions (estimated frequency Efs > 0.8526; exceedance
probability Xps = 1.0000; Fig. 5. B). The winning MFyy, - SFaqq model
also outperforms all alternative models in terms of log likelihood (LL),
area under the curve (AUC), prediction accuracy, and a hierarchical
Bayesian’s exceedance probability (Fig. S6). Our findings precluded the
first hypothesis that FP1 disruption resulted in a switch in strategy (i.e., a
change in the best fit model), but instead participants continued to use
the same strategy after FP1-TMS. We therefore examined more closely
the computational parameters of the best-fit MFyy, - SFpqq model across
the four TMS conditions to test the second hypothesis - whether FP1
disruption altered computational parameters.

Figs. 6A-C show participants’ computational parameters of the
MFy] - SFagg model in the four TMS conditions in Experiment 1 (also
see Table S2). To test the hypothesis that FP] disruption altered the
computational parameters, each parameter was analyzed using a
repeated measures three-way ANOVA [Region (FPI vs vertex), Stimu-
lation (TMS vs no-TMS), and Choice type (high-dimensional vs low-
dimensional)], controlled for model prediction accuracy (because it is
interrelated to the estimates of the computational parameters) and re-
action time (because there was significant difference between high-
dimensional and low-dimensional choices; Fig. 2. B, right panel) to ac-
count for individual differences.

The ANOVA was first applied to test the multiplex coefficient. We
found that there was a significant Region x Stimulation x Choice type
interaction (F (1,10) = 12.9461, p = 0.0049, % = 0.5642; Table S1). A
closer inspection on the high-dimensional choices alone revealed there
was a significant Region x Stimulation interaction on the multiplex
coefficient (F (1,18) = 10.8105,p = 0.0041, % = 0.3752; Fig. 6. A). In
contrast, this Region x Stimulation interaction was absent in the low-
dimensional choices (F (1,18) = 3.5250, p = 0.0768, n%; = 0.1638;
Fig. S7, left panel). A post hoc analysis further showed that the multiplex
coefficient was significantly smaller (i.e., participants became more
likely to use a simple heuristic) after TMS was applied to FPI than the
control vertex during high-dimensional choice (F (1) = 16.8819, p =
0.0007, FWER-corrected p = 0.0039; Table S1), whereas there was no
significant difference in multiplex coefficient in the no-TMS condition
during the FPI and vertex sessions during high-dimensional choice (F (1)
= 1.8450, p = 0.1911, FWER-corrected p = 0.6004; Table S1). We also
repeated the ANOVA without controlling for the confounding factors of
model prediction accuracy and reaction time and showed that the spe-
cific FPI-TMS effect on the reduction in multiplex coefficient was
obscured (Fig. S3, Table S1). To further confirm the reliability of the
Region x Stimulation x Choice type interaction on multiplex coefficient
during high-dimensional choice, we conducted a post-hoc power anal-
ysis. The results showed that the sample size was sufficient to detect the
effect (%p = 0.5642, a = 0.05, power = 1.0000). The results remained
similar when we focused on the Region x Stimulation interaction during
high-dimensional choice alone (3% = 0.3752, a = 0.05, power =
1.0000). We found no significant Region x Stimulation x Choice type
interaction effect on the softmax temperature parameter (although
approaching significance; F (1,10) = 4.0795, p = 0.0710, % = 0.2897)
and magnitude/probability weighting parameter (F(1,10) =1.3511,p =
0.2721, n%; = 0.1190). Taken together, these results support our second
hypothesis that FP1-TMS disrupted specific computational parameter by
shifting the multiplex coefficient, instead of qualitatively switching
participants’ choice strategy.

In addition, we applied the fitted parameters of each participant back
to the best-fit models and generated simulated choice data for each TMS
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Fig. 5. The MFyy, - SFaqq model best describes high-dimensional choice behavior in Experiment 1 that consisted of four TMS conditions. The same model devel-
opment procedures as those for the Experiment 2 data were applied to the Experiment 1 data. (A) Participants’ high-dimensional choice behavior in all conditions
was best described by the Composite,_yr model in the first phase of model development. This was the case even for the FPI-TMS condition that showed an
impairment in high-dimensional choice. (B) In the second phase of model development that focuses on the multiplexity of the feature extraction process, the MFyy -
SFadq model outperforms the previously winning Composite,_yr model in all conditions. MF = multi-feature extraction; nl-MF = a combined use of nl and MF. Xp =

exceedance probability.

condition. In other words, we applied the MFyy, - SFpqq model to
generate high-dimensional choice and Composite, model to generate
low-dimensional choice. We estimated the percentage of optimal choice
and analyzed that using the same three-way ANOVA. Consistent with
Fig. 2B that involved empirical choice data, these simulated data
showed a significant Region x Stimulation x Choice type interaction (F
(1,17) = 5.1600, p = 0.0364, 7% = 0.2329). This suggested that the
fitted parameters were able to capture the TMS effect on impairing
optimal choice in the presence of high-dimensional information.
Subsequent between-participant analyses provide further support
that the impaired optimal choice due to FPI-TMS (Fig. 2. B) was related
to the disruption of a multi-feature extraction process. Here, we calcu-
lated the deviation in percentage of optimal choice, as well as the de-
viation in computational parameters, after FP1-TMS from the control
condition of no-TMS in the FPI session. Crucially, we found that par-
ticipants with greater reductions in multiplex coefficient after FP1-TMS
also exhibited greater impairments in percentage optimal choice (r =
0.4089, permutation p = 0.0181) and no such significant deviation was
found in the vertex session (r = 0.1340, permutation p = 0.2652).
Interestingly, the deviation in percentage optimal choice showed a sig-
nificant correlation with the deviation in softmax temperature (FPlyys -
FPlyo tms: 7 = —0.3693, permutation p = 0.0336; Vertexrys - Vertexy,
m™s: T = —0.0614, permutation p = 0.3464), suggesting those who
became more stochastic after FPI-TMS also showed more impaired
optimal choices. Finally, the impairment in percentage optimal choice
was unrelated to the deviation in magnitude/probability weighting
(FPlyyps - FPLy, Tvms: = —0.0617, permutation p = 0.3949; Vertexys -
Vertexyo tms: ' = —0.1036, permutation p = 0.3073). These results
remained similar when each correlation between the choice data and a
model parameter was orthogonalized with respect to the other two
model parameters (multiplex coefficient [FPlyys - FPly, tvsl: © =
0.4494, permutation p = 0.0110; multiplex coefficient [Vertexys -
Vertexno Tvsl: 7 = 0.1337, permutation p = 0.2604; softmax temperature
[FPlpms - FPly, tmsl: ¥ = —0.4486, permutation p = 0.0136; softmax

temperature [Vertexqys - Vertex,, tvsl: 7 = —0.0625, permutation p =
0.3528; magnitude/probability weighting [FPlryvs - FPl,, Tmsl: 7 =
—0.0616, permutation p = 0.3937; magnitude/probability weighting
[Vertextys - Vertexpo tmsl: 7 = —0.0141, permutation p = 0.4802; Fig. 6.
p-F).

Next, we performed further analysis to demonstrate that the FPI-TMS
effect was captured particularly well by the MFyy - SFaqq model. A key
feature of this model was that it arbitrates between the multi-feature
extraction and simple heuristic processes - where the multi-feature
extraction process involves decomposing high-dimensional attribute
components and combining them via a multiplicative approach. In
contrast, the SFypy - MFaqq model (an alternative model in Fig. 4) in-
volves a “multi-feature” arm that decomposes attributes into multiple
features, but integrates them in a simpler additive way. Not only that
this model was a poorer fit to participants’ behavior overall (Fig. 4. B,
5B), but its computational parameters also failed to capture the FP1-TMS
effects. Particularly, a repeated measures two-way ANOVA [Region (FP1
vs vertex) and Stimulation (TMS vs no-TMS)] revealed no significant
Region x Stimulation interaction on the multiplex coefficients (F (1,18)
= 4.0018, p = 0.0608, 7% = 0.1819; Fig. S8C, middle panel), softmax
temperature (F (1,18) = 0.0777, p = 0.7836, n°p = 0.0043; Fig. S9C,
middle panel), nor the magnitude/probability weighting (F (1,18) =
0.0009, p = 0.9765, % = 4.9371 x 107>; Fig. S10C, middle panel). In
addition, the changes in these fitted computational parameters were
unrelated to the impaired optimal choice due to FPI-TMS (multiplex
coefficient: r = 0.0844, permutation p = 0.3353; magnitude/probability
weighting: r = —0.1060, permutation p = 0.3033) although there was a
marginally significant correlation between changes in softmax temper-
ature and deviation in percentage of optimal choice (r = —0.3328,
permutation p = 0.0504). These results remained similar when each
correlation between the choice data and a model parameter was
orthogonalized with respect to the other two model parameters
(Fig. S8C, bottom panel; Fig. S9C, bottom panel; Fig. S10C, bottom
panel).
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Fig. 6. The FPI-TMS effect on high-dimensional choice was due to the disruption of a multi-feature extraction process. (A) The multiplex coefficient was significantly
lower after FPI-TMS than after Vertex-TMS, but no significant difference was found between the two no-TMS conditions in high-dimensional choice. Error bars
represent mean + SEM. **p < 0.01 for the Region x Stimulation interaction. In contrast, FPI-TMS had no significant effect on the (B) softmax temperature and (C)
magnitude/probability weighting. Individuals that showed greater impairments in percentage optimal choice after FP1-TMS (as opposed to that of the control
conditions) also showed (D) greater reductions in multiplex coefficient and (E) greater increases in softmax temperature. (F) The impairment in percentage optimal

choice was unrelated to the magnitude/probability weighting.

Similarly, we repeated the same analyses using the Composite, v
model, which is half-way between the best-fit MFyyy - SFagqg model and
the poorer SFypy - MFagqq model - it involves an identical decomposition
process of high-dimensional attribute components in both the multipli-
cative and additive arms. We found that the Composite, pr model
yielded similar findings to the MFyy - SFpqq model - FPI-TMS gave rise
to reduced integration coefficient (Fig. S8B, middle panel), and the
impaired optimal choice behavior was related to the reduced integration
coefficient (marginally significant; r = 0.2912, permutation p = 0.0798)
and heightened softmax temperature (r = —0.5097, permutation p =
0.0050) but unrelated to the change in magnitude/probability weight-
ing (r = 0.0145, permutation p = 0.4770). When each correlation be-
tween the choice data and a model parameter was orthogonalized with
respect to the other two model parameters to single out each model
parameter’s contribution, similar results were yielded (Fig. S8B, bottom
panel; Fig. S9B, bottom panel; Fig. S10B, bottom panel). These addi-
tional results showed that the best-fit MFyy, - SFaqq model captures both
the overall behavior (Fig. 4. B, 5B) and FP1-TMS effects (Fig. 6) partic-
ularly well because it involves all the multi-feature extraction processes
in one arm and all the simple heuristic processes in another arm. To
summarize, aided by the MFyy, - SFagq model, we showed that the way
FPI-TMS impaired high-dimensional choice could be explained mecha-
nistically by a disruption of the multi-feature extraction process such
that participants had to rely on simple heuristics.

2.4. Multi-feature extraction process underlies FPl fMRI signals and high-
dimensional choice behavior

Our findings thus far support the causal role of FPIl in decomposing
high-dimensional information during decision making by revealing that

FPI disruption led to an impairment of a multi-feature extraction pro-
cess. As such, we should expect that, in the absence of any extrinsic
disruption, individuals who exhibit stronger decision signals in FP1
should also be more inclined to use more multifaceted strategies. Thus,
to complete the functional profile of FPl, in Experiment 3 we further
investigated the relationship between decision signals in FPIl and the
multiplex coefficient. Experiment 3 involved measuring neural activity
using fMRI while participants were performing a decision task similar to
that of Experiments 1 and 2 (Fig. S11A). Previously, data of Experiment
3 reliably showed a signal in FPI that was specifically related to high-
dimensional choice (Law et al., 2023) (Fig. 7. A, left panel). To make
it possible to apply the same set of computational models to the
behavioral data of Experiment 3, we focused on a subset of the trials in
Experiment 3 that was most similar to those in Experiments 1 and 2
(Fig. S11A). We first ensured that a decision signal in FP] can be iden-
tified even with this smaller set of trials, as in what was shown using the
full set of trials (Law et al., 2023). We performed a timecourse analysis
and showed that FPl's activity significantly correlated with the
high-dimensional choice value and peaked at approximately 4 s after
stimulus onset (f = 0.0772, ty3 = 2.4163, p = 0.0240; Fig. 7. A, right
panel, Fig. S11B). This suggests that the selected subset of trials could
reliably capture a signal in FPI related to high-dimensional choice.
Next, we applied the same set of computational models to the
behavioral data of Experiment 3 and showed, consistently, that the
MFyu - SFagqa model best describes participants’ high-dimensional
choice behavior. Specifically, we followed identical model fitting pro-
cedures as in Experiments 1 and 2. Participants’ high-dimensional
choice behavior was first fitted using the twelve models that are
derived from four different attribute functions x three integration
functions (as in Fig. 4. A, 5A). A Bayesian model selection showed that
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Fig. 7. FPl activity implicated a multi-feature extraction process. (A) Data of Experiment 3 were acquired from a previous fMRI study (Law et al., 2023) which
revealed that FP] encodes the high-dimensional choice value during decision making with high-dimensional information (left pane; Adapted from Law et al. 2023). In
the current study, we focused on a subset of Experiment 3 trials that was more comparable to the task of Experiments 1 and 2. A time course analysis showed that this
smaller set of trials could reliably show a high-dimensional choice value signal in FP1 (right panel). Shading represent mean + SEM. *p < 0.05. (B) The same models
applied to the data of Experiments 1 and 2 were applied to the data of Experiment 3. Similar to Figs. 4A and 5A, the Compositey;_yvr model outperformed other
alternative models in the first phase of model development (left panel). Similar to Figs. 4B and 5B, the MFyy - SFaga model was the final winning model when two
additional models that arbitrates between the multi-feature extraction and simple heuristic processes were considered (right panel). Xp = exceedance probability. (C)
Violin plots showing the fitted parameters of the MFyy, - SFaqq model of individual participants. Vertical black lines represent the interquartile range. Horizontal
black lines represent the mean. White circles represent the median. ¥ = multiplex coefficient; ® = magnitude/probability weighting; T = softmax temperature. (D)
Participants with greater FPI signal multiplexities also showed larger multiplex coefficients (left panel) and lower softmax temperatures (i.e., less stochastic choices;

middle panel). While the magnitude/probability weighting were unrelated to the FP1 signal multiplexity (right panel).

the Composite, yr model outperforms all other models (estimated
frequency Ef = 0.9633; exceedance probability Xp = 1.0000; Fig. 7. B,
left panel). Next, we further fitted the MFyy - SFagq and SFypy) - MFaqgq
models and compared their performance with the Compositey mr
model. We replicated the results of Experiments 1 and 2 that the MFyy -
SFaqq model best describes participants’ high-dimensional choice
behavior (estimated frequency Ef = 0.8008; exceedance probability Xp
= 0.9995; Fig. 7. B, right panel). The fitted parameters of the MFyy -
SFaqq model are shown in Fig. 7C.

We performed the key analysis to scrutinize whether participants’
multiplex coefficient was related to their FPl signal during high-
dimensional choice. Considering that the decision value of the MFyy, -
SFa4q model was a combination of a multi-feature extraction process and
a simple heuristic (i.e., single-feature extraction), we broke down the FP1
signals into these two components (see Experiment 2 - MFyp,; - SFaqq
model in Methods). Then, to estimate the contribution of the multi-
feature component to the FPI signal (i.e., FP] signal multiplexity), we
divided the multi-feature component of the FPI signal by the sum of the
multi-feature and single-feature components. Interestingly, we found
that the multiplex coefficient was positively correlated with the FPI
signal multiplexity (r = 0.4758, permutation p = 0.0136; Fig. 7. D, left
panel). This is in line with the findings of Experiment 1 that greater FP1-
TMS induced choice impairment was associated with larger decreases in
multiplex coefficient (Fig. S11C). This suggests that the FPI] signal re-
flected the employment of a multi-feature extraction process during
decision making. An alternative analysis that separately tested the FP1
signals related to the multi-feature and single-feature components also
showed that the multiplex coefficient correlated with the multi-feature
aspect of the FPI signal more (Fisher transformation Z = 2.079, p =
0.0376). In addition, we found that the softmax temperature was
negatively correlated with the FPI signal multiplexity (r = —0.5234,
permutation p = 0.0036), but the correlation became non-significant

when the two rightmost data points (i.e., the two most deviated from
the group) were removed from analysis (r = —0.3403, permutation p =
0.0522; Fig. 7. D, middle panel). We found, surprisingly, a positive
correlation between the magnitude/probability weighting and the FP1
signal multiplexity (r = 0.4710, permutation p = 0.0060). This corre-
lation was possibly confounded by the softmax temperature as we
identified a marginally significant correlation between them (r
0.3530, permutation p = 0.0657). The magnitude/probability weighting
was no longer related to the FPI signal multiplexity when the softmax
temperature was included as a covariate (r = —0.3405, permutation p =
0.0562; Fig. 7. D, right panel). Taken the results of our computational
modelling, neurostimulation and neuroimaging experiments, we pro-
vided evidence from three experiments showing that the FPI is causally
involved in a multi-feature extraction process for decomposing choice
information.

3. Discussion

This study provides convergent evidence showing FP1’s causal role in
digesting high-dimensional information during decision making. This
was achieved through a combination of TMS, computational modelling,
resting-state fMRI, and task-based fMRI. First, using TMS to disrupt the
FPl, we found that only high-dimensional choice behavior was impaired
but low-dimensional choice behavior was spared (Fig. 2. B). This sug-
gests a specific role of FP1 in high-dimensional choice rather than gen-
eral decision making. Next, to scrutinize the FPI-TMS effect
mechanistically, we went through a series of model developments. These
modelling work identified two key features for capturing the way people
made high-dimensional choice and also for capturing the FPI-TMS effect
(Fig. 5. B). First, participants employed a multi-feature extraction pro-
cess to decompose high-dimensional choice information into low-
dimensional parameters in parallel and combine the choice
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information multiplicatively. Second, in addition to this multi-feature
extraction process, there was a separate simple heuristic for inte-
grating the choice information. A closer inspection showed that
disruption of FPI shifted the use of the multi-feature extraction process
to simple heuristic (Fig. 6. A). Crucially, the extent of this shift was
related to the degree of behavioral impairment in high-dimensional
choice after FPI-TMS (Fig. 6. D). Finally, we tested FPI's high-
dimensional processing using task-based fMRI. We found that stronger
intrinsic FPI signal was associated with more extensive use of the multi-
feature extraction process (Fig. 7. D).

Here, we showed that the computations of FP1 during high-
dimensional choice involves the employment of the multi-feature
extraction process. This is in line with previous findings showing that
FPI is engaged in parallel processing as depicted in cognitive branching
and multitasking (Braver and Bongiolatti, 2002; Donoso et al., 2014;
Koechlin et al., 1999) and information integration (Christoff et al., 2003;
Kim et al., 2015; Nee and Brown, 2012; Wendelken and Bunge, 2010).
Intriguingly, the adjacent dorsolateral prefrontal cortex (dIPFC), a re-
gion that is posterior to and functionally connected with FPI (Gilbert
et al., 2010; Orr et al., 2015), is often suggested to play a role in
high-dimensional processing that is similar to FPl’s (e.g., decision
making with plenty of information (Reutskaja et al., 2018; Woo et al.,
2021) or exploratory decision making (Tomov et al., 2020). However, a
closer inspection unveils that although dIPFC and FPIl are active in
similar tasks, they differ in their capacity of abstraction. DIPFC is
pertinent to more concrete processes such as representing the numer-
osity or overall uncertainty of the choice set. By contrast, FP1 is related to
more abstract processes such as digesting attribute information (e.g., the
subjective value or the relative uncertainty of the options). This is
consistent with the view that the lateral prefrontal cortex follows an
anterior-posterior gradient, with more anterior regions are involved in
processing more abstract information (Badre et al., 2009; Badre and
Nee, 2018; Koechlin et al., 2003; Nee and Brown, 2012; Nee and
D’Esposito, 2017). Anatomically, dIPFC, which is next to the FPI pos-
teriorly (Petrides and Pandya, 1999), is considered homologous across
human and non-human primates (Levy, 2024). In contrast, the FPI is
unique in human, which shows distinct sulci and connectivity patterns
that are absent in other non-human primates (Amiez et al., 2023; Chau
et al., 2025). This might further explain why processes involving higher
levels of abstraction such as high-dimensional choice require the evo-
lution of an FP1. On the other hand, despite the functional connectivity
between FPl and dIPFC, the findings of the current study as well as
previous findings (Law et al., 2023) showed that the engagement of PCC
also played an important role in high-dimensional choice. However, the
1sFC profiles reveal that the FPI-PCC functional coupling is much
stronger than the dIPFC-PCC functional coupling (Neubert et al., 2015).
It provides further support of the significance of FPl over dIPFC in
high-dimensional choice.

Despite our evidence of the FPI’s causal role, the in-depth interplay
between the FPI-PCC functional coupling and high-dimensional choice
remains unclear in spite of its importance. To better elucidate the
functional networks involved in high-dimensional choice, concurrent
TMS-fMRI could serve as a potential method in future studies to observe
direct causal influences on the connectivity with other brain areas as
well as the choice behavior by instantaneous perturbation of FPI.
Another limitation of this study, which also applies to TMS research in
general, is the selection of an appropriate control to establish the FPI-
TMS effect. For example, some studies may opt for subthreshold or
sham stimulation, which are poorer at matching the auditory or tactile
sensations in the experimental conditions or are limited in inferring
spatial specificity of the TMS effect. Other studies may opt for an active
control design (such as vertex stimulation, like our study), which runs
into problems of potentially modulating other neural networks unin-
tentionally (Jung et al., 2016; Pizem et al., 2022). Thus far there is no
evidence of significant influences of vertex stimulation on decision
making (e.g., Miyamoto et al., 2021; Zajkowski et al., 2017), suggesting
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that vertex stimulation as a reasonable choice as a control condition for
decision-making studies using TMS.

The ability to make decisions based on high-dimensional information
has particularly important adaptive value in the human society. None-
theless, it remains an unresolved question: what unique features of the
human brain enable such high-dimensional processing? The current
study has a primary interest in the FPC, which is part of the granular
prefrontal cortex is exclusive to primates (Passingham and Wise, 2012).
The FPC has a particularly long intrinsic neuronal timescale (Manea
et al., 2022), which is a well-suited feature to enable information
encoding and integration during complex cognitive processes
(Cavanagh et al., 2020). In addition, comparative studies showed that
FPC is greatly expanded in the human brain (Semendeferi et al., 2001).
This is especially the case in the lateral part of the FPC (i.e., the FP], the
key focus of this study) (Amiez et al., 2023; Neubert et al., 2015, 2014).
Here, using TMS to disrupt FP1, we provided causal evidence that the FP1
mediates multi-feature extraction for high-dimensional choice infor-
mation. It is noticeable that the capability of feature extraction by simple
averaging alone is observed in many animal species, such as in macaques
(Wittmann et al., 2016) and crows (Johnston et al., 2023). Interestingly,
we showed that the human FPI involved more than simple averaging - it
also estimates the distribution of choice information in terms of variance
and skewness. Such capability is particularly useful in many ecological
settings when the diversity of reward is as important as the quantity of
reward, such as one selecting a job that offers a combination of good
salary and social environment instead of the best salary job. This is in
line with the view that the FPl enables cognitive branching, the capa-
bility of simultaneously engaging in multiple tasks (Koechlin and Hyafil,
2007; Mansouri et al., 2017). Our findings extend this view by showing
that the FPI is capable of digesting high-dimensional information into
multiple branches of meaningful features for guiding decision making.

Lesions in frontal regions could lead to severe decision-making im-
pairments. However, the clinical implication of FPl lesion was often
overlooked in the past due to the poor understanding of its functions. For
example, a patient with focal FPC lesion showed normal performance in
a wide range of neuropsychological tests known to be sensitive to pre-
frontal lesions (Hoffman, 2012). Another example concerns a widely
discussed case of patient EVR who received frontal excision that covered
a large proportion of ventromedial prefrontal cortex (vmPFC) to treat his
meningioma. However, often it has been overlooked that EVR’s lesion is
relatively widespread and extended to the FP], which is the focus of this
study. He was reported to have serious problems in many aspects in
everyday life (Eslinger and Damasio, 1985; Shallice and Burgess, 1991).
These did not only include simpler routine choices such as being inde-
cisive for where to dine, but also include more critical and complex
choices such as poor business investment leading to his bankruptcy and
two divorces from his marriages. EVR’s problems were often attributed
to his vmPFC lesion. This view has been held for years partly because the
vmPFC is also widely accepted as the key region for value-based decision
making (Bartra et al., 2013; Chau et al., 2018; Clithero and Rangel,
2014; Rushworth et al., 2011). However, how EVR’s problems were
related to damages beyond the vmPFC, such as the FP], is rarely dis-
cussed. Previously, we reported a double dissociation of FP1 and vmPFC
in high-dimensional and low-dimensional choices respectively (Law
et al., 2023). It is possible that EVR’s impairments in making routine
choices were more related to his vimPFC lesion whereas his impairments
in making more complex choices were more related to his FPI lesion.
Moreover, evidence from other lesion studies also suggests FPC patients
showed normal performances on various simple cognitive assessments
but exhibited impairments in higher-order, complex processes (Dreher
et al., 2008; Roca et al., 2011, 2010; Shallice and Burgess, 1991;
Urbanski et al., 2016). Here, we further provided causal evidence that
FPI disruption only resulted in impairments in high-dimensional choice,
but not low-dimensional choice. This study provides a novel perspective
to re-evaluate clinical cases of decision-making deficits, such as EVR, by
scrutinizing their functioning in high-dimensional processing. Finally,
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despite the orthodoxy that modulating FPC activity is difficult in
humans (Hogeveen et al., 2022), our findings of FPl-disruption after
cTBS provided the foundation for enhancing high-dimensional pro-
cessing through excitatory TMS over FPl.

4. Materials and methods
4.1. Participants

Seventy-six young healthy adults were recruited in total for all three
experiments (Experiment 1: n = 30 [60 % males], aged 18-37 years
[25.7 + 4.5]; Experiment 2: n = 20 [50 % males], aged 21-39 years
[28.2 + 3.8]; Experiment 3: n = 26 [42.3 % males], aged 19-39 years
[27.4 £+ 5.3]). All participants had no current or history of neurological
or psychiatric conditions, and had normal or corrected-to-normal vision.
Three participants were excluded in Experient 1 (one withdrew after the
TMS preparation session and two were identified left-handed during the
TMS preparation session), no participant was excluded in Experiment 2,
and two participants were excluded in Experiment 3 (one due to MRI
contraindications; another was excluded because his/her fMRI scan was
separated into two runs, instead of a single run as in all other partici-
pants). As a result, Experiment 1 included twenty-seven participants,
Experiment 2 included twenty participants, and Experiment 3 included
twenty-four participants. Written informed consent was obtained from
each participant before the experiments. Approvals from the ethics
committees of The Hong Kong Polytechnic University (Experiments 1
and 2) and University of Oxford (Experiment 3) were obtained for this
study.

4.2. Experiment 1

4.2.1. Experimental task

The experimental task was a two-stage decision making task in which
the Stage 1 high-dimensional choice determined the options that were
offered in the subsequent Stage 2 low-dimensional choice (Fig. 1. B, S1).
Specifically, each block began with a Stage 1 high-dimensional choice
trial and then followed by up to three Stage 2 low-dimensional choice
trials. On each high-dimensional choice trial, participants chose be-
tween two collections of gambles with high-dimensional choice infor-
mation (Stimulus onset; response timeframe = 3 s) - each collection was
composed of twenty low-dimensional gambles that were associated with
different reward magnitudes and probabilities. The reward probabilities
of the twenty component gambles were represented by the heights of
twenty bars and the average reward magnitude of the component
gambles was presented in a number. After selecting a high-dimensional
collection, two component gambles from which were pseudo-randomly
drawn and offered on the following Stage 2 low-dimensional choice
trial. This link between Stage 1 high-dimensional choice and Stage 2
low-dimensional choice was visually illustrated by placing the chosen
high-dimensional collection at the screen center (Delay; 1.2-1.8 s), and
then highlighting the pseudo-randomly drawn component gambles
immediately before the onset of each Stage 2 low-dimensional choice
trial (Outcome; 1.0-1.2 s). Participants subsequently chose between the
two low-dimensional gambles offered (Stimulus onset; response time-
frame = 3 s) - each low-dimensional gamble was characterized by a
reward magnitude (presented in a number; ranged from $10 to $100)
and a reward probability (represented by the colored area within a bar;
ranged from 1/21 to 20/21 chance). A probabilistic reward was then
delivered according to the chosen low-dimensional gamble. The deci-
sion outcomes of all Stage 2 trials of the same block were disclosed
together when all of them were finished (Outcome; 0.7-1.2 s). Partici-
pants were explicitly instructed that the goal was to maximize their
earning, by means of choosing more rewarding options in Stage 1 (high-
dimensional choice) and Stage 2 (low-dimensional choice). This task
consisted of 100 Stage 1 trials and 100 Stage 2 trials.
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4.2.2. Experimental procedure

Experiment 1 involved a preparation session (Session 0) and two
TMS sessions (Sessions 1 and 2; Fig. 1. C). In the preparation session,
participants received MRI scanning for acquiring their structural images
and resting-state fMRI data. Afterwards, they received TMS pulses at a
lower intensity than in the experiment proper to familiarize with the
TMS (see section Transcranial magnetic stimulation (TMS)). They were
also instructed on the two-stage decision making task and completed a
practice run to familiarize with the task. In the two TMS sessions, TMS
was applied either over the key FPIl region or the control region vertex.
Within each TMS session, participants performed the decision making
task twice: once immediately after receiving TMS (i.e., TMS condition)
and once without TMS application (i.e., no-TMS condition). The order of
the conditions (i.e., TMS over FP] or vertex first; receiving TMS or no
TMS first) was counterbalanced across participants. An interval of at
least 30 min was inserted between the conditions to prevent carryover of
the TMS effect, based on previous findings that the TMS effects dimin-
ished rapidly within 30 min even evacuated in ten minutes
(Goldsworthy et al., 2012; Miyamoto et al., 2021). Between TMS ses-
sions, there was also an intersession interval of at least seven days apart.

4.2.3. Transcranial magnetic stimulation (TMS)

TMS was applied using a MagVenture MagPro X100 including
MagOption (MagVenture, Denmark) with a 75 mm figure-of-eight coil
(MagVenture Cool-B65). We used a continuous theta-burst stimulation
(cTBS) protocol - 40 s stimulation of 3-pulse bursts at 5 Hz (600 pulses in
total) at 80 % of the resting motor threshold (Zajkowski et al., 2017).
The resting motor threshold of each participant (mean + SD: 63.4 % +
8.5 % of the stimulator output) was assessed in the preparation session -
a single pulse stimulation was applied over the left primary motor cortex
with the minimal intensity to trigger an involuntary twitch in the right
hand in 50 % of the cases (Rossini et al., 2015). Prior to the adminis-
tration of TMS, for each participant the structural images and head were
co-registered via marking with a digitizing pen at six anatomical land-
marks (i.e., nasion, inion, left/right preauricular point, left/right
exocanthion).

The stimulation coordinate of the key FPIl region was determined
based on the results of a recent fMRI study on decision making with
high-dimensional information (Montreal Neurological Institute [MNI] =
[38,52, 22]) (Law et al., 2023). This position is at the edge of the FP]
according to the atlas by Neubert and colleagues (2014) that parcellated
the frontal cortex using resting-state fMRI and diffusion-weighted im-
aging data. According to cytoarchitectonic atlas, it lies within Brodmann
area 46 and is close to the border between Brodmann areas 46 and 10.
According to a recent sulcal atlas, it is at the dorsal paraintermediate
frontal sulcus (PIMFS-D) of the FPl, which is present in all human brains
studied but absent in 65 % of chimpanzees, all baboons and all macaques
(Amiez et al., 2023). The stimulation coordinate of the control region
vertex was based on a previous study which employed a similar stimu-
lation protocol (MNI = [0,—34, 72]) (Miyamoto et al., 2021). TMS re-
gion localization was guided by the participants’ structural images. For
each participant, the structural images and the standard MNI template
were co-registered using FMRIB’s Linear Image Registration Tool
(Jenkinson et al., 2002). The intended stimulation coordinates were
transformed to individual participant space by which the exact stimu-
lation position for each participant was identified. TMS coil positioning
was guided using neuronavigation (TMS Navigator, Localite GmbH,
Sankt Augustin, Germany). The TMS coil, with its handle pointing
posteriorly, was held tangentially to the skull to minimize the distance
between the coil and the cortex.

4.2.4. Computational modelling

The identical computational modelling procedures that were applied
to the behavioral data of Experiment 2 were also applied to that of
Experiment 1. See Experiment 2 -Modelling integration process of high-
dimensional choice information for details.
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4.2.5. Behavioral analysis

Participants’ percentage optimal choice was tested via a three-way
repeated-measures ANOVAs [Region (FPI vs vertex), Stimulation (TMS
vs no-TMS), and Choice type (high-dimensional vs low-dimensional)]
(Fig. 2. B). Two covariates were included to account for individual dif-
ferences. The first one was the reaction time to account for any influence
on choice accuracy due to the trade-off of speed. The other one was the
peak resting-state functional connectivity (rsFC) between FP1 and PCC
(see section Resting-state functional connectivity analysis) because the FP1-
PCC functional connectivity was found specifically involved in high-
dimensional, but not low-dimensional, choice (Law et al., 2023).

Three-way repeated-measures ANOVAs [Region (FPl vs vertex),
Stimulation (TMS vs no-TMS), and Choice type (high-dimensional vs
low-dimensional)] were performed on the fitted parameters of the MFy;
- SFpqq model, namely multiplex coefficient (¥), softmax temperature
(T), and magnitude/probability weighting () (Fig. 6. A-C). Note that for
the low-dimensional choice data, due to the different information
structure, the Composite, model instead of the MFyy - SFaqq model had
to be applied and integration coefficient instead of multiplex coefficient
was tested. Reaction time and prediction accuracy of the MFyyy) - SFadq
model were added as covariates. Similar approach was applied to the
SFyul - MFagq model (Fig. S8C, S9C, S10C) and Compositen yr model
(Fig. S8B, S9B, S10B).

Figs. 6D-F show the correlations between the deviation in percentage
optimal choice and the deviation in fitted parameters (i.e., ¥, T, and o)
of the MFyy] - SFaqg model. Each deviation was computed by subtracting
the control condition of no-TMS in the FPIl session from the FP1-TMS
condition. Note that the FPI-PCC rsFC was partialled out since there
was a moderate correlation between percentage optimal choice and FP1-
PCCrsFC (Fig. 3. B). The same approach was applied to the SFypy) - MFaqgq
model (Fig. S8C, S9C, S10C) and Compositep;_yr model (Fig. S8B, S9B,
S10B).

4.2.6. Neuroimaging data acquisition and preprocessing

Neuroimaging data were acquired on a 3 Tesla Siemens Prisma
scanner using a 64-channel head coil. Resting-state data were acquired
using an echo planar 2D sequence (3 x 3 x 3 mm® resolution, TR = 3000
ms, TE = 30 ms, flip angle = 85°, phase encoding direction = A > P, FOV
=214 x 214 x 141 mm3, 47 slices, slice angles = —2.4° [T > C] and 0.8°
[T > S]). Field maps were acquired using a dual echo 2D gradient echo
sequence (3 x 3 x 3 mm?> resolution, TR = 520 ms, TE; = 4.92 ms, TE; =
7.38 ms, flip angle = 60°, phase encoding direction = R > L, FOV = 214
x 214 x 141 mmg, 47 slices, slice angles = —2.4° [T > C] and 0.8° [T >
S1) to correct for signal distortions. T1-weighted anatomical images
were acquired using a 3D MPRAGE sequence (0.8 x 0.8 x 0.8 mm®
resolution, TR = 2500 ms, TE = 2.22 ms, TI = 1120 ms, flip angle = 8°,
phase encoding direction = A > P, FOV = 240 x 167 x 256 mm?, slice
angles = 2.5° [S > C] and —0.9° [S > T]).

Analysis was conducted using FMRIB’s Software Library (FSL)
(Smith et al., 2004). Preprocessing of the neuroimaging data was per-
formed with the following procedures: brain extraction by Brain
Extraction Tool (Smith, 2002), motion correction by using FMRIB’s
Linear Image Registration Tool (Jenkinson et al., 2002), Gaussian spatial
smoothing with fullwidth at half maximum of 5 mm, field map correc-
tion for distorted signal (Jenkinson, 2003), and high-pass temporal
filtering (3 dB cutoff of 100 s). Neuroimaging data were registered to
each participant’s high-resolution structural image and then normalized
into the standard MNI space (Jenkinson and Smith, 2001).

4.2.7. Resting-state functional connectivity analysis

A resting-state function connectivity (rsFC) analysis was performed
for each participant to estimate the strength of functional connectivity
between FP1 and PCC. It was performed using a univariate general linear
model (GLM) approach. The GLM included a single regressor, which is
the time course of PCC. The time course of PCC was extracted by
creating a spherical mask of 2 mm radius that was centered at the MNI
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coordinates of (0.7, —47, 26), which was based on the PCC labelled in
the Automated anatomical labelling atlas 3 (Rolls et al., 2020). At the
contrast level, the regressor of the PCC time course was set as 1. At the
group level, FMRIB’s local analysis of mixed effects (Beckmann et al.,
2003; Woolrich et al., 2004) was applied with outlier deweighting
(Woolrich, 2008). A cluster-based thresholding of Z > 3.1 and a signif-
icance threshold of p < 0.05 were used to identify significant clusters
(Worsley et al., 1992). The peak of the FPI-PCC rsFC was determined
using a FP1 mask defined by a previous neuroanatomical study (Neubert
et al., 2015).

4.3. Experiment 2

4.3.1. Experimental task

Experiment 2 was conducted for model development to delineate the
computational mechanisms underlying high-dimensional choice. Par-
ticipants performed the identical decision making task as described in
the previous section (Experiment 1 - Experimental task), except there was
no TMS and neuroimaging involved.

4.3.2. Modelling integration process of high-dimensional information

We developed models to describe high-dimensional choice behavior
in two phases. In the first phase (Fig. 4, left panel), we considered four
attribute functions to model how the choice attributes (i.e., reward
magnitude and reward probability) were represented and three inte-
gration functions to model how the choice attributes were combined.
Combining the attribute functions and integration functions results in
twelve models for describing high-dimensional choice behavior. In the
second phase (Fig. 4, right panel), we considered that high-dimensional
choice could be made based on a combination of a simple heuristic and a
multi-feature extraction process. Hence, based on the first phase
development, two additional models were developed, namely the MFyy
- SFaqq model and SFyyy) - MFaqq model.

Attribute function 1: linear. Four attribute functions were applied
to model how choice attributes were represented. The first attribute
function is a linear function in which choice attributes are represented as
their objective values:

Mag' — Mag' ¢9)
i 1 & )
Prob = 20 ;Probj 2

where Ma\gl and Prob are the subjective reward magnitude and sub-
jective reward probability respectively. Mag' is the objective reward
magnitude of the i high-dimensional option (either the option on the
left or right). Prob} is the 7™ individual reward probability in the i™ high-
dimensional option (each high-dimensional option consisted of a dis-
tribution of twenty component reward probabilities).

Attribute function 2: non-linear (nl). Since non-linear trans-
formation is observed in a wide range of cognitive and perceptual pro-
cesses, another possibility of representation is that the choice attributes
are represented in a non-linear manner. To this end, the second attribute
function employs the cumulative prospect theory (Tversky and Kahne-
man, 1992):

CPTuqg = (Mag')" 3

CPTprp) = <Pr0b’l: ) ’ - @
((Probj) gt (1 7Prob]‘3) ’ ) 7

Mag = CPTyq' ©)
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i 1 & .
Prob = > _ CPTo (6
j=1

where a denotes the sensitivity towards changes in reward magnitude
and y denotes the probability weighting.

Attribute function 3: multi-feature (MF). The third attribute
function employs the mean-variance-skewness model (Symmonds et al.,
2011; Wright et al., 2013a, 2013b, 2012) by which the representation of
the summary statistics (i.e., mean, variance, and skewness) of the
high-dimensional options’ reward probability distribution is modelled:

Mag — Mag' %)
—i 20 . ) )
Prob = 21—0 ; Prob}‘. + pVar (Probl> + ASkew (Probl) (8)

where p and A are the variance preference and skewness preference
respectively.

Attribute function 4: nl-MF. The last attribute function is a com-
bination of MF and nl in which the choice attributes are first transformed
by the nl function and subsequently by the MF function:

Mag = CPTyqg ©)

i 1 & . ) .

Prob = 5= > CPTorop} + pVar (CPTprop') + ASkew(CPTprap') (10)
j=1

Integration function 1: additive. To model how the choice attri-
butes were combined, three integration functions were. The first one is
the additive function. The utility is constituted by the weighted sum of
the subjective reward magnitude and subjective reward probability:

Utilityoad' = oMag + (1 — w)Prob’ an
Utility' = Utility oqq' 12)

where o is the magnitude/probability weighting to denote the use of
subjective reward magnitude relative to subjective reward probability.
Integration function 2: multiplicative. Alternatively, choice at-
tributes can be combined via the multiplicative function in which the
subjective reward magnitude is multiplied by the subjective reward
probability to make up the utility of the high-dimensional options:

Utilityyn' = Mag x Prob 13)

Utility' = Utility ' as

Integration function 3: composite. Previous studies have shown
that it is possible to have a combination of both multiplicative and ad-
ditive procedures (Bongioanni et al., 2021; Farashahi et al., 2019; Wong
et al., 2024). The last integration function is the composite function
which involves a push-pull arbitration between multiplicative and ad-
ditive integration. The utility is derived from a weighted sum of the
utility of the multiplicative integration and the utility of the additive
integration:

Utility' = ®ULlity ' + (1 — @) Utility 44" (15)

where @ is the integration coefficient to denote the use of multiplicative
integration relative to additive integration.
Finally, to model the choice stochasticity of the participants, a soft-
max function was applied to the utility of each high-dimensional option:
Utility!
i er
(16)

Poice. = ————
choice 5 Utility'

e T
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where P,poic.’ is the choice probability of the ith high-dimensional option.
It denotes how likely that high-dimensional option is selected. T is the
softmax temperature which denotes the choice stochasticity.

MPFpul - SFaga model. It involves an arbitration between a multi-
feature extraction process and a simple heuristic (i.e., single-feature
extraction), which is controlled by a multiplex coefficient ¥:

U ﬂllt}'l = ‘PUﬁlityMulri—feamrei + (1 - \Il) UﬁlitySingle—feamrei (17)
where the utility of the ith high-dimensional option (i = left or right) is
constituted by the weighted sum of the utility of the multi-feature
extraction process and the utility of the simple heuristic. Specifically,
the multi-feature extraction process involves decomposing and repre-
senting the high-dimensional information of reward probabilities in
multiple features, including the mean, variance, and skewness, and then
combining with the reward magnitude via a multiplicative integration:

UﬁlityMuln’—feamrei = CPTMagi X PrObMulti—fearurei (18)

1 & . . )
PrObMulti—featurel = % Z CPTProb_; + pvar(CPTPmbl) + j-SkeW(CPTPmbl)
j=1
19)

where ProbMum,fmmrei is the reward probability after transformation by
the attribute function of MF; CPTp,, is the non-linearly transformed
reward probability derived from Eq. (4). In contrast, the simple heuristic
only decomposes the reward probability into a single feature (i.e., the
mean), and combines with the reward magnitude via an additive
integration:

Utilitysingleffeumrei = CUCPTMagi + (1 - w)} IObSingleffeaturei (20)
1 & )
L i

PrObSiﬂgleffeamre = 20 }é:l CPTProb]' (21)

SFpul - MFagq model. Similar to the MFyy - SFaqq model, the SFyy -
MFpq4q model also consists of a push-pull system between a multi-feature
extraction process and a simple heuristic. However, it has an opposite
computational structure: in the multi-feature extraction process attri-
bute information is combined via an additive integration, whereas in the
simple heuristic attribute information is combined via a multiplicative
integration:

Uﬂlll}" = lIlUtilityMuln’—fmturei + (1 - lI") Uﬁlilysingle—feamrei (22)
UﬁlityMulti—fmturei = mCPTMagi + (1 - a))PrObMulti—featurei (23)
Utilitysingle—featurei = CPTMagi X PrObSingle—featurei (24)

where CPTyy is the transformed reward magnitude derived from Eq. (3)
and Probuiti—feauure i transformed reward probability derived from Eq.
an.

Parameter optimization and model comparison. All models were
fitted using MATLAB’s fmincon function. For each fitting, 100 sets of
random starting points of the model parameters were generated by
uniformly sampling from the parameter space. Parameter optimization
and good-of-fit of the models were determined by selecting the best-fit
results from these sets. After model fitting, the goodness-of-fit between
the models were compared using a Bayesian model selection (BMS)
procedure (Stephan et al., 2009). Parameters a and y from the cumula-
tive prospect theory and parameter T from the softmax function were
bounded >0 to avoid fitting of negative values. Parameters ¥, ®, and o
were bounded between 0 and 1 to model the weighted sum combination.
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4.4. Experiment 3

4.4.1. Experimental task

Data of Experiment 3 were acquired from a previous fMRI study (Law
et al., 2023), which involved a two-stage decision making task that was
highly similar to that in Experiments 1 and 2 (Fig. S11A). The experi-
mental task had the same structure that the Stage 1 high-dimensional
choice was followed by the Stage 2 low-dimensional choice. However,
Experiment 3 included a few additional features for addressing research
questions of the previous study (Law et al., 2023), which are less rele-
vant to the current study. The original design of the task involved four
conditions (Gain-Linked, Gain-Unlinked, Loss-Linked and
Loss-Unlinked; details explained in Fig. S11A). The Gain-Unlinked
condition was most similar to the task used in Experiments 1 and 2.
Hence, trials of the Gain-Unlinked condition were selected for analysis
in the current Experiment 3.

4.4.2. Computational modelling

The identical computational modelling procedures that were applied
to the behavioral data of Experiments 1 and 2 were also applied to that
of Experiment 3. See Experiment 2 -Modelling integration process of high-
dimensional choice information for details.

4.4.3. Neuroimaging data acquisition and preprocessing

Neuroimaging data were acquired using a 3 Tesla Siemens scanner
using a 64-channel head coil. Functional MRI data was collected with a
multi-band echo planar imaging sequence (2.5 x 2.5 x 2.5 mm?> voxel-
resolution, TR = 1600 ms, TE; = 15 ms, TE; = 36.19 ms, TEz = 57.38
ms, flip angle = 70°, phase encoding direction = A > P, FOV = 210 x
210 x 143 mm3, 57 slices, slice angle = —30° [T > C]). Field maps were
acquired using a dual echo 2D gradient echo sequence (2.5 x 2.5 x 2.5
mm? resolution, TR = 590 ms, TE; = 4.92 ms, TE; = 7.38 ms, flip angle
= 46°, phase encoding direction = A > P, FOV = 210 x 210 x 150 mm?,
60 slices, slice angle = —30° [T > C]) to correct for signal distortions. T1-
weighted structural images were acquired using a 3D MPRAGE sequence
(1 x1x1mm® resolution, TR = 1900 ms, TE = 3.97 ms, TI = 904 ms,
flip angle = 8°, phase encoding direction = R > L, FOV = 192 x 174 x
192 mm®, slice angles = transversal).

Analysis was conducted using FMRIB’s Software Library (FSL)
(Smith et al., 2004). Preprocessing of the neuroimaging data was per-
formed with the following procedures: brain extraction by Brain
Extraction Tool (Smith, 2002), motion correction by using FMRIB’s
Linear Image Registration Tool (Jenkinson et al., 2002), Gaussian spatial
smoothing with fullwidth at half maximum of 5 mm, field map correc-
tion for distorted signal (Jenkinson, 2003), and high-pass temporal
filtering (3 dB cutoff of 100 s). Neuroimaging data were registered to
each participant’s high-resolution structural image and then normalized
into the standard MNI space.

4.4.4. Functional MRI data analysis

Since the data of Experiment 3 were acquired from the subset of
Gain-Unlinked trials (Fig. S11A) of a previous study (Law et al., 2023),
we first performed the same analysis as in the previous study but testing
on this subset only to test whether FPI signals were reliably related to the
high-dimensional choice (Fig. 7A, right panel). It was achieved by a
region-of-interest (ROI) analysis to regress the FPI activity against the
high-dimensional choice value, (i.e., the difference in the decision value
between the chosen and unchosen high-dimensional options derived
from a neural network previously reported (Law et al., 2023)). Specif-
ically, FP1 activity was first extracted by creating a spherical mask of 3
mm radius. To avoid circularity, the mask was derived from a different
study that suggests FPl is involved in value-based decision making
(Zajkowski et al., 2017). A ten-time upsampling was applied to the
extracted FPI activity by cubic spline interpolation and time-locked to
stimulus onset in Stage 1 high-dimensional choice. A GLM was per-
formed to regress the FPI activity against the high-dimensional choice
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value. Specifically, the GLM was performed at each time point for each
participant, by which time courses of beta weight for the
high-dimensional choice value were obtained. Group time courses were
then acquired by averaging the beta weight time courses from all par-
ticipants and the significance of each peak in the group time courses was
tested. It was performed by extracting the size of each peak from every
participant and then running a one-sample t-test against zero. To avoid
any bias in determining the size of the peaks, a leave-one-participant-out
procedure was applied (Chau et al., 2015; Trudel et al., 2021). First, the
time window for extraction of each peak was defined by its full-width
half-maximum in the group time course. Within this time window, the
peak’s position after excluding the betas weights of a given participant
from the group time course defined the time point of peak extraction for
that participant. This leave-one-participant-out procedure was repeated
for all participants to extract the peaks for statistical tests.

To test whether the push-pull mechanism of arbitrating between the
multi-feature extraction and the simple heuristic as described in the
MFp - SFagg model (Fig. 4. B, 5B) was related to FPI activity, we per-
formed another ROI analysis. Specifically, FPl activity was regressed
against the Utilitymuti-feature and Utilitysingle-feature derived from the
MFpy - SFagqa model respectively. FP1 signal multiplexity was then
computed by dividing the peak Utilityyyiti-feature €ffect by the sum of
peak Utilitymuti-feature and Utilitysingle feature effects. Finally, correlation
between the FPI signal multiplexity and the fitted parameters from the
MFp - SFaqa model of each participant was tested, controlled for the
prediction accuracy of the MFyy - SFagqg model to avoid any con-
founding effect due to individuals’goodness-of-fit.
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