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choice features via parallel processing.
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SUMMARY
Important decisions often involve choosing between complex environments that define future item encoun-
ters. Despite its importance for adaptive behavior and distinct computational challenges, decision-making
research primarily focuses on item choice, ignoring environment choice altogether. Here we contrast previ-
ously studied item choice in ventromedial prefrontal cortex with lateral frontopolar cortex (FPl) linked to envi-
ronment choice. Furthermore, we propose a mechanism for how FPl decomposes and represents complex
environments during decision making. Specifically, we trained a choice-optimized, brain-naive convolutional
neural network (CNN) and compared predicted CNN activation with actual FPl activity. We showed that the
high-dimensional FPl activity decomposes environment features to represent the complexity of an environ-
ment to make such choice possible. Moreover, FPl functionally connects with posterior cingulate cortex for
guiding environment choice. Further probing FPl’s computation revealed a parallel processing mechanism in
extracting multiple environment features.
INTRODUCTION

Big decisions often involve selecting between abstract options

that constrain future environments and potential choices within

them. For example, when searching for a new house, one may

begin by choosing between residential areas or price ranges,

pre-selecting or filtering out many a set of potential options in

favor of another, before deciding between the actual houses.

Here, we refer to such a pre-filtered set of options as an ‘‘envi-

ronment,’’ which comprises a large number of houses (referred

to as ‘‘items’’).

Selection of an environment (e.g., residential area) has impor-

tant long-term consequences of determining the concrete items

(e.g., houses) the chooser will encounter. In ancient times, a sub-

optimal environment choice could even be disastrous (e.g.,

wiping out a whole tribe after migrating to a poor land). Impor-

tantly, the computational demands of making environment

choices are qualitatively distinct from item choices. Compared

with item choice, environment choice involves higher levels of

complexity (as the choice information is more multiplex),

abstraction (as the choice consequence is about future choice

opportunities, instead of actual reward received), and reward

prospect (as the choice consequence is more prolonged). In

particular, to make more adaptive decisions, retention of com-
This is an open access article und
plex information is vital in environment choice. A good way to

achieve this is through decomposition of the complex informa-

tion into a few highly informative dimensions. However, despite

the related findings on the information selection process in deci-

sions involving numerous choices,1–3 existing decision-making

frameworks were mainly developed based on item choice and

therefore cannot extend to explain such features unique to envi-

ronment choice.

We are equally ignorant about the neural mechanisms under-

lying environment choice, despite its evolutionary relevance,

unique computational needs, and distinct behavioral responses.

Previous studies trying to identify the brain regions responsible

for option evaluation often required participants to choose be-

tween concrete items, such as food or probabilistic gambles.

Then they computed the overall decision value (DV) to correlate

it with brain activity under the assumption that any region evalu-

ating the offers should have scaled activity linked to the decision/

comparison signal itself.4 However, these approaches generally

provide little room to test how the value of a complex option is

integrated in the brain.

Applying neural networks can help in solving this problem.

First, it provides a data-driven DV estimate that can help identi-

fying a region of interest (ROI) for further analyses. Second, and

critically, the high-dimensional architecture of a neural network
Cell Reports 42, 112555, June 27, 2023 ª 2023 The Authors. 1
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allows further testing of whether the ROI and neural network

share a similar computational mechanism. While there are

many neural network architectures, here, convolutional neural

networks (CNNs) are of specific interest. This is because CNNs

are widely used in computer vision for recognizing objects

from complex visual information. Normally, it involves parallel

processing for extracting multiplex features from the data, which

is particularly useful for studying environment choices that are

characterized by multifaceted choice information.

A good candidate region for environment choice in humans is

lateral frontopolar cortex (FPl), as it has been implicated in

related cognitive processes, such as abstract reasoning, infor-

mation integration, and prospective memory.5–7 However, it is

unclear how exactly FPl might contribute to such decisions.

Ventromedial prefrontal cortex (vmPFC) has also been proposed

to have a role in decision making, albeit a more general one. It

carries essential valuation signals of a wide range of items,

such as food and lotteries.4,8–14 Beyond correlative evidence, le-

sions of vmPFC are associated with impairments in decision

making.15,16 These findings lead to the notion that vmPFC is uni-

versally involved in all kinds of choices, namely the ‘‘neural com-

mon currency hypothesis.’’17 Recently, however, the universality

of vmPFC’s involvement has been challenged.18,19 For example,

when people choose between accepting an item and searching

in an environment for new items, the classical value comparison

signal is absent in vmPFC. Since the natures of environments

and items are fundamentally different, at least in terms of their

levels of abstraction and reward prospect, it is unclear whether

vmPFC’s role in decision making is generalizable to environment

choice.

Importantly, any brain region involved in environment choice

should pass the following three tests. First, for making compar-

isons between environments, the region should contain a ‘‘value

comparison signal,’’ a signal that scales with the difference in

value between environments. Second, the region’s value com-

parison signals should be sensitive to contextual factors that

alter choices. Third, the signal should be linked to value itself,

instead of confounding factors such as salience of the

environments.

In this study, we designed a two-stage decision-making task

to investigate the neural mechanisms underlying environment

choice using functional magnetic resonance imaging (fMRI).

Stage 2 of the task was a typical decision-making task that

involved choosing between two items. The preceding stage 1

involved an environment choice that determined items that

were subsequently available in stage 2 for selection. To extract

environmental features and overall DV, we trained a behaviorally

optimized and brain-naive CNN. In a series of univariate analyses

and representational similarity analyses (RSA) comparing the

model elements with neural activity, we observed dissociable

patterns of activity in FPl and vmPFC in environment choice

and item choice. In addition, we showed that the computation

of FPl is related the extraction of environment information and

the computation of dorsal posterior cingulate cortex (dPCC) is

related to the combination of such information for guiding

choices. This functional network between FPl and dPCC was

also confirmed in a psychophysiological interaction (PPI) anal-

ysis. Further probing FPl’s computation revealed a more specific
2 Cell Reports 42, 112555, June 27, 2023
mechanism of parallel processing in extracting multiple environ-

ment features for decisionmaking. These results suggest FPl ex-

tracts multiple choice features and passes information to dPCC

for guiding environment choice.

RESULTS

Behavioral results
To examine the neural mechanisms of environment choice, we

developed a two-stage decision-making task (Figures 1A and

1B). Each block of trials included one environment choice trial

(stage 1), followed by zero to three item choice trials (stage 2).

Item choice trials were similar to a typical binary decision-making

task, which required participants to choose between two items

associated with different reward magnitudes and probabilities.

On environment choice trials, participants chose between two

environments, each of which was an aggregate of 20 items.

Then, on each subsequent item choice trial, two items were

pseudo-randomly drawn from a chosen environment for selec-

tion. As such, the stage 1 environment choice determined the

items that were made available subsequently, as opposed to

stage 2 item choice, which directly determined the probabilistic

reward. Hence, selecting an advantageous environment pro-

vides a prospect of generally more rewarding items in the

same block of trials.

In addition, to test whether the neural decision signals were

flexibly modulated under different contexts, we introduced two

different bonus conditions (linked vs. unlinked condition;

Figures 1B, 1C, and S1) that required participants to either regu-

late or ignore the choices’ reward probabilities. In the linked con-

dition, when a gamble worked out from the chosen item, the

bonus was delivered in addition to the reward of the chosen

item itself. Hence, when the bonus is more rewarding, partici-

pants ought to bemore sensitive to the item’s reward probability.

The unlinked condition served as a control, as the bonus was

delivered to participants regardless of the outcome of the cho-

sen item. Participants’ choices should thus be unaffected by

the presence of the bonus. Besides, neural signals related to

choice value are easily confounded by choice salience when ex-

periments only involve options that are rewarding.4,20 To test the

value-based neural decision signals, this experiment also

included options (both environments and items) associated

with loss to orthogonalize choice value and choice salience (Fig-

ure 1C). These manipulations are important to discern the neural

decision signals and are detailed further in later sections.

A general linear model (GLM1; see STAR Methods section,

‘‘behavioral analysis’’) was applied to test whether participants

(1) chose options that were better in expected values (EVs),

and (2) chose according to the bonus context. Not surprisingly,

when the EV of the rightward environment was larger (i.e., large

EV(R-L)), participants were more likely to choose the rightward

environment (b = 6.264, t23 = 6.196, p = 2.543 3 10�6;

Figures 2A, S2A, and S2C; Table S1). Importantly, participants

also chose according to the context by showing a bonus adap-

tation (i.e., a Prob(R-L) 3 Bon 3 Cond three-way interaction: b =

0.271, t23 = 3.065, p = 0.006; Figures 2A, 2B, S2A, and S2C;

Table S1). When the winning of bonus was associated with

item probability (i.e., linked condition), participants adjusted
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C Figure 1. A two-stage decision-making

task

(A) Each block began by a stage 1 (environment

choice) trial and followed by zero to three stage 2

(item choice) trials.

(B) On each stage 1 trial, participants chose be-

tween two environments. Each environment con-

sisted of 20 items, with 20 bars representing their

reward probabilities and a number representing

their average reward magnitude (stimulus onset).

After a decision was made, the chosen environ-

ment was surrounded by a red frame (decision)

and presented at the center (delay). After a delay,

two items were drawn pseudo-randomly and

highlighted in yellow (outcome) and offered on the

subsequent stage 2 item choice trial (stimulus

onset). After a decision, the chosen item was

surrounded by a red frame (decision). A fixation

dot appeared (delay) and after a delay the amount

of probabilistic reward earned from the chosen

item was presented (outcome).

(C) Two bonus conditions were introduced to test

whether decision signals were adaptive to

context. In the linked bonus condition (left column;

indicated by two arrows), the bonus was delivered

only if the probabilistic reward of the chosen item

on the same stage 2 trial was won. In unlinked

bonus condition (right column; indicated by

crosses), the bonus was delivered unconditionally on each stage 2 trial. To distinguish neural signals pertinent to DV or valence, each block was also assigned to

one of the three gain/loss conditions. The two options were either related to gains (top row), losses (bottom row), or a combination of gains and losses. The figure

shows examples of stage 2 trials, while stage 1 trials involved the same color codes for indicating gain/loss conditions and the same symbols for indicating bonus

conditions. See also Figure S1.
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flexibly to prefer environments with large reward probability

when the bonus was large. As such, they were more likely to

encounter itemswith large reward probabilities to earn the bonus

subsequently.

A similar GLM was applied to analyze the item choice data.

Akin to the environment choice results, items with lager EVs

were preferred (b = 4.420, t23 = 11.582, p = 4.468 3 10�11;

Figures 2A, S2A, and S2C; Table S1) and there was also a pres-

ence of bonus adaptation (b = 0.790, t23 = 4.735, p = 9.007 3

10�5; Figures 2A and S2A–S2C; Table S1). Taken together, in

both environment and item choices, participants did choose op-

tions with larger EVs and adjust their choices according to the

bonus condition. These results also showed that participants un-

derstood that the offers in item choice were determined by the

environments they selected earlier.

For environment choice, it is critical to integrate information

from the component items of each environment to form repre-

sentations of statistical moments (e.g., the mean, variance,

skewness of the item distribution) to guide decisions. We then

carried out GLM2 (see STARMethods section, ‘‘behavioral anal-

ysis’’) to test whether participants considered any statistical mo-

ments during environment choice. The results showed an

absence of effect of mean on environment choice (b = 0.089,

t23 = 1.121, p = 0.274; Figure 2C). This was because the compo-

nent items could lead to either gains or losses; the preferences

for mean probability were opposite under gains and losses

such that the effects of mean probability in these two conditions

were canceled out (Figure S2D). Besides, we found that environ-
ments with larger variance (i.e., greater diversity) were preferred

(b = 0.126, t23 = 2.248, p = 0.035; Figure 2C). Choosing environ-

ments with greater variance was advantageous because partic-

ipants could encounter more variable items on the subsequent

stage 2 trials, where they could then accept the more rewarding

items and reject the poor items. Finally, no effect of skewness on

choices was observed (b = 0.074, t23 = 1.290, p = 0.210). An

additional analysis showed that the preference for larger vari-

ance was not confounded by any exploratory behaviors due to

unfamiliarity of the task (Figure S2E). To confirm the reproduc-

ibility and generalizability of the results of the statistical moment

preferences, we carried out another behavioral experiment that

involved a simplified environment choice task that was similar

to the stage 1 of the main experiment (Figure S3A). Consistently,

we found that environments with larger variance were preferred

(Figure S3B).

CNN best predicts choice behavior
So far, applying GLM1 held an assumption that participants

perfectly estimated the EVs of the options and made their

choices accordingly. However, each environment consisted of

information from 20 items, and it is unclear how the integration

of this complex information occurred computationally. Similar

to environment choice, visual object recognition also involves

integrating complex information from the retina. In artificial intel-

ligence, the CNN is successful in computer vision not only

because it can decompose complex visual information and

perform nonlinear integration to decode image identity but also
Cell Reports 42, 112555, June 27, 2023 3
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C Figure 2. Behavioral results

(A) A logistic regression showed positive effects of

EV(R-L) and bonus adaptation (i.e., a Prob(R-L) 3

Bon 3 Cond three-way interaction) on participants’

choices in both stage 1 environment choice and

stage 2 item choice.

(B) Psychometric curves that illustrate the bonus

adaptation in environment choice. In linked condi-

tion, when the bonus value became larger, there

was a stronger preference to choose environments

with larger reward probabilities (left panel). In

contrast, in unlinked condition, the preference for

larger reward probabilities was not affected by the

bonus value (right panel).

(C) In addition to environments with larger EVs

(inset), participants preferred those with larger var-

iances (main panel). EV(R-L), difference in expected

value; Prob(R-L), difference in reward probability;

Bon, bonus value; Cond, bonus condition; mean(R-

L), Variance(R-L), Skewness(R-L), differences in mean,

variance, and skewness of reward probability be-

tween environments respectively. ***p < 0.001,

**p < 0.01, and *p < 0.05 (n = 24; one-sample t test).

Data points represent individual participants. See

also Figures S2 and S3.
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because it resembles the hierarchical neural process of the hu-

man ventral visual pathway.21,22 Hence, we adapted a CNN for

analyzing complex decision information to decode environment

choices (see STAR Methods section, ‘‘stage 1 CNN for environ-

ment choice’’ for details). In brief, environment information is fed

in as the input of the CNN (Figures 3A and S4Ai). The component

items of the environments are convolved by four different feature

detectors and transformed into four sets of feature maps. All

feature maps were then integrated into a DV for each environ-

ment for choice prediction.

We tested carefully different CNN architectures before

analyzing the fitted data further (see Figure S4Aii for details).

The best CNN architecture (prediction accuracy = 87%; Fig-

ure S4Aiii) involves 512 nodes and four feature detectors in the

size of 2 3 1. Next, we compared the performance of the CNN

with other alternative models (see STAR Methods section,

‘‘computational modeling’’). The results showed that the CNN

significantly outperforms other models (ts38 < �2.661,

Ps < 0.012; Figure 3B). We found similar results when we applied

the samemodels to fit the data of the simplified behavioral exper-

iment: the CNN best fits the environment choices (Figure S3C).

The same set of models was applied to find the model that

best describes participants’ item choices for subsequent neural

analyses (except the mean-variance-skewness [MVS] model

and power law model, which are not applicable). Notably, the

input for item choices only contains values of two items, as

opposed to that for environment choices, which involves infor-

mation of 40 items. Convolution is not applicable for item choice,

and the CNN for environment choice was reduced to an artificial

neural network (ANN) by the absence of a convolution (Fig-

ure S4B). Interestingly, a model comparison revealed the ANN

also outperforms other alternative models in predicting item
4 Cell Reports 42, 112555, June 27, 2023
choices (ts38 < �3.226, Ps < 0.003; Figure 3C), except the au-

toencoder (t38 = �0.345, p = 0.732).

Complex environment values were encoded in FPl
One key feature of the CNN is that it integrates complex choice

information into a single DV for guiding decisions. Previous

studies showed that, during item choice, the option DV was

strongly related to vmPFC activity.10,23–26 Hence, we used this

CNN-derived DV to scrutinize whether environment and item

choices involved the same vmPFC region or dissociable neural

mechanisms. We analyzed the whole-brain fMRI data by

applying GLM3, which included the DV difference between envi-

ronments (i.e.,DDVEnv) and theDVdifference between items (i.e.,

DDVItem). Interestingly, a dissociation in the DV difference signals

of the two stages was observed. First, we replicated a widely re-

ported finding that vmPFC activity correlated with DDVItem in

item choice (Montreal Neurological Institute [MNI]= [2, 40,

�10], cluster-based thresholding Z > 3.1, p = 7.77 3 10�21; Fig-

ure 4ii). Surprisingly, when we investigated environment choice,

there was an absence of DDVEnv signal in vmPFC. Instead, FPl

activity was found positively correlated with DDVEnv during envi-

ronment choice (MNI = [38, 52, 22], cluster-based thresholding

Z > 3.1, p = 1.19 3 10�7; Figure 4Ai) but not correlated with

DDVItem during item choice. This is supported by a contrast

that directly compared the DDVEnv and DDVItem effects: the

DDVEnv signal was stronger than the DDVItem ‘‘signal’’ only in

FPl (Figure S5A). Other regions that showed a significant

DDVEnv or DDVItem signal are reported in Table S2. Similar results

were also yielded if the CNN-derived DVs were replaced by a

conventional EV (i.e., reward magnitude multiplied by reward

probability) term as regressors, and the results were consistent

with previous findings (Figures S5B and S5C).
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Figure 3. A CNN for predicting environment

choice behavior

(A) A simplified schematic of the CNN model. The

CNN receives value of each environment as the

input. Reward probability in the input is convolved

by four feature detectors to form four sets of feature

maps. Next, the feature maps are multiplied by the

reward magnitude and bonus information and

concatenated a series of hidden layers for infor-

mation integration. Finally, in the fully connected

layer, information is combined to form DVs for the

leftward or rightward environments.

(B) Model comparison results revealed the CNN

outperforms other alternative models in predicting

participants’ environment choices.

(C) A similar artificial neural network (ANN) also best

predicts item choices. NLL, negative log likelihood;

Autoenc, autoencoder; Power, power law model;

Prospect, cumulative prospect theory. **p < 0.01,

*p < 0.05 (n = 20; independent samples t test). Error

bars represent means ± SEM. See also Figure S4.

Article
ll

OPEN ACCESS
Despite the double dissociation of FPl and vmPFC in environ-

ment choice and item choice, it is equally important to ascertain

that the absence of signal in FPl and vmPFC was not merely due

to the conservative statistical corrections in the whole-brain

analysis. Hence, an ROI analysis was performed by placing a

mask over these regions and testing their signal time courses.

The results were broadly consistent with those from the whole-

brain analysis. In environment choice, the DDVEnv signal ramped

up in FPl and peaked at 3.507 s after the environments were pre-

sented (b= 0.046, t23 = 3.032, p = 0.006, BF10 = 7.526; Figure 4Bi,

top panel), while no significant DDVItem signal was observed in

item choice (b = 0.023, t23 = 1.409, p = 0.172, BF10 = 0.514; Fig-

ure 4Bi, bottom panel). In contrast, in vmPFC, there was a

DDVItem signal in item choice that peaked at 7.813s (b = 0.067,

t23 = 3.806, p = 9.1053 10�4, BF10 = 38.074; Figure 4Bii, bottom

panel) but an absence of DDVEnv signal in environment choice

(b = 0.018, t23 = 1.011, p = 0.323, BF10 = 0.339; Figure 4Bii,

top panel). The double dissociation was also supported by the

overall deactivation patterns of FPl and vmPFC (Figure S5D)

and a two-way ANOVA (two regions times two stages) that

compared the sizes of DDVEnv and DDVItem signals of FPl and

vmPFC (interaction term: F(1,23) = 16.026, p = 0.001). Taken

together, the findings provided further evidence that, in FPl, a

DV difference signal was only present during environment choice

andwas absent during item choice, whereas the vmPFC showed

the opposite pattern.

Finally, we inspected the signals in dorsal posterior cingulate

cortex (dPCC), which exhibits DV signals during item choice

and foraging.4,27–29 In the whole-brain analysis, dPCC showed

a positive DDV signal in both environment choice (MNI = [16,

32, �42], cluster-based thresholding Z > 3.1, p = 2.44 3 10�13;

Figure 4Ai) and item choice (MNI = [8, �52, 36], cluster-based

thresholding Z > 3.1, p = 1.733 10�24; Figure 4Aii). ROI analysis

also revealed that dPCC activity was correlated with DDVEnv in
environment choice (b = 0.039, t23 = 2.199, p = 0.038, BF10 =

1.609; Figure 4Biii, top panel) and DDVItem in item choice (b =

0.051, t23 = 3.363, p = 0.003, BF10 = 14.818; Figure 4Biii, bottom

panel).

So far, we observed that dPCC was co-activated with FPl and

vmPFC in environment choice and item choice respectively.

Next, we tested the functional coupling among these regions us-

ing a PPI analysis (Figure 4Ci). The results showed that the func-

tional connectivity between FPl and dPCC was stronger during

stage 1 environment choice (i.e., a positive effect; b = 0.048,

t23 = 2.529, p = 0.019, BF10 = 2.869; stage 1 connectivity =

0.457; stage 2 connectivity = 0.410; Figure 4Cii, top row). In

contrast, the functional connectivity between vmPFC and

dPCC was stronger during stage 2 item choice (i.e., a negative

effect; b = �0.081, t23 = �2.388, p = 0.026, BF10 = 2.227; stage

1 connectivity = 0.298; stage 2 connectivity = 0.379; Figure 4Cii,

bottom row). Taken together, these results suggest that dPCC

connected flexibly to the relevant brain regions (i.e., FPl vs.

vmPFC) according to the context of the decision (i.e., environ-

ment choice vs. item choice).

FPl activity reflects decision signals reliably but not
value-neutral environment features
Our neural analyses so far suggest that FPl has a specific role in

environment choice, whereas vmPFC has a specific role in item

choice. To confirm the signals were not confounded by other fac-

tors, FPl DDVEnv and vmPFC DDVItem signals must possess at

least two additional properties: (1) it should be flexiblymodulated

only by choice-relevant information (i.e., whether it changed as a

function of the bonus only in the linked, but not the unlinked, con-

dition); (2) it should be orthogonal to the option (environment or

item) salience. We report two sets of analyses below that

demonstrated FPl DDVEnv signal and vmPFC DDVItem signal

possessed these two properties.
Cell Reports 42, 112555, June 27, 2023 5
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Figure 4. Dissociable roles of FPl and vmPFC in environment choice and item choice

(A) A whole-brain analysis identified (i) FPl signal was related to the difference in DV (DDV) between environments in stage 1 and (ii) vmPFC signal was related to

the DDV between items in stage 2. Dorsal posterior cingulate cortex (dPCC) showed both DDV signals in stages 1 and 2.

(B) Time courses of the DDV signals in (i) FPl, (ii) vmPFC, and (iii) dPCC in environment choice and item choice.

(C) (i) A psychophysiological interaction (PPI) analysis was conducted among dPCC, FPl, and vmPFC. (ii) The functional connectivity between FPl and dPCCwas

stronger during stage 1 environment choice than stage 2 item choice (top row), whereas the functional connectivity between vmPFC and dPCC showed the

opposite pattern (bottom row). ***p < 0.001, **p < 0.01, and *p < 0.05 (n = 24; one-sample t test). Shading represent mean ±SEM. See also Figure S5 and Table S2.
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As participants flexibly adapted their choice according to the

bonus conditions (Figure 2A), we tested whether FPl and vmPFC

signals were also adapted in the same way. To this end, in GLM4

we split the DV into three terms: a basic DV term that concerns all

choice information except the bonus (DVBasic) and two DV terms

that only concerns the bonus value in the linked condition

(DVLinked Bonus) or in the unlinked condition (DVUnlinked Bonus).

The DVUnlinked Bonus term served as a control to test that the neu-

ral signals were not modulated when the bonus was irrelevant to

the choice. Not surprisingly, during environment choice, FPl en-

coded the DDVBasic (b = 0.047, t23 = 2.967, p = 0.007, BF10 =

6.621; Figure 5Ai, left panel). In the linked condition, as the

selected environment would have an impact on the bonus acqui-

sition in the subsequent item choices, FPl also encoded the

bonus value accordingly (b = 0.028, t23 = 2.372, p = 0.026,

BF10 = 2.167; Figure 5Ai, middle panel). In contrast, in the un-
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linked condition, the bonus was bound to be delivered (i.e.,

bonus acquisition was independent of the choices made).

Thus, FPl did not signal the DDVUnlinked Bonus (b = �0.013, t23 =

�0.975, p = 0.340, BF10 = 0.329; Figure 5Ai, right panel). These

suggest FPl was capable of integrating task-relevant information

for environment choice. Likewise, when vmPFC activity in item

choice was inspected, there was a DDVBasic signal (b = 0.072,

t23 = 4.228, p = 3.188 3 10�4, BF10 = 96.140; Figure 5Aii, left

panel) and an absence of DDVUnlinked Bonus signal (b = �0.015,

t23 = �0.987, p = 0.334; BF10 = 0.332; Figure 5Aii, right panel).

A DDVLinked Bonus signal was present in vmPFC only on the first

item choice trial of each block (b = 0.025, t23 = 2.293, p =

0.031, BF10 = 1.887; Figure 5Aii, middle panel; see GLM5 in

STAR Methods section, ‘‘ROI analysis’’). If the subsequent

item choice trials were included, the DDVLinked Bonus signal

was no longer significant (b = 0.009, t23 = 0.619, p = 0.542;
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Figure 5. Properties of the DDV signals

(A) The DDV signals adapted flexibly to the bonus.

TheDDV termwas split into three components: the

DDV that excluded the bonus (DDVBasic), the rest of

the DDV that was contributed by the bonus in

linked condition (DDVLinked Bonus), and that in un-

linked condition (DDVUnlinked Bonus). (i) In stage 1

environment choice, FPl signal was only modu-

lated by the choice-relevant DDVLinked Bonus term

(middle panel), but not by the choice-irrelevant

DDVUnlinked Bonus term (right panel). (ii) vmPFC

signal showed significant DDVLinked Bonus effect on

the first item choice trial and an absence of

DDVUnlinked Bonus effect.

(B) (i) DDV signals of FPl in stage 1 and (ii) that of

vmPFC in stage 2 were both not confounded by

the option salience. ***p < 0.001, **p < 0.01, and

*p < 0.05 (n = 24; one-sample t test). Shading

represents mean ± SEM.
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BF10 = 0.255). This was possibly due to the repetition suppres-

sion of the bonus signal when the bonus remained the same

on subsequent item choice trials.30

It is worth noting that we controlled for the potential confound-

ing of salience in our study, because option value and option

salience are collinear in many studies. To avoid this we included

gain and loss trials to orthogonalize option value and salience.

Also, in an ROI analysis, we tested the DDV signal by additionally

including a salience term in GLM6. It reproduced the result that

FPl activity correlated with DDVEnv even though the factor of

salience was included (b = 0.043, t23 = 2.829, p = 0.010,

BF10 = 5.051; Figure 5Bi, left panel). Crucially, FPl activity was

not related to salience (b = 0.006, t23 = 0.343, p = 0.735,

BF10 = 0.226; Figure 5Bi, right panel). Likewise, when we tested

vmPFC signal by the same analysis, vmPFC showed activity

correlated with DDVItem (b = 0.085, t23 = 4.158, p = 3.799 3

10�4, BF10 = 82.311; Figure 5Bii, left panel) and it was unrelated

to salience (b = 0.021, t23 = 1.456, p = 0.159, BF10 = 0.544; Fig-

ure 5Bii, right panel).

Statistical moments of environments are represented in
the CNN
So far, we found that FPl is important to environment choice by

showing a signal correlated with the CNN-derived DV parameter.

Behavioral analysis results also showed that environment

choices were partially guided by statistical moments of the envi-

ronments’ item distribution (Figure 2C). However, it is unclear

whether the statistical moments were represented in FPl and
the CNN. In the CNN, the complex infor-

mation of the environments is decom-

posed into four sets of feature map.

These feature maps contain different pat-

terns of weights on estimating the DV

(Figure 6A). Hence, they may carry

different information about the environ-

ments’ statistical moments. Figure 6A

shows the weights of each feature map

on estimating the DV. To test whether
this is the case, we isolated the feature information extracted

by each feature map to obtain a ‘‘partial DV’’ per feature detec-

tor. We then correlated each partial DV with the statistical mo-

ments (see STAR Methods section, ‘‘partial DV contributed by

each feature map’’ for details). All feature maps’ partial DVs are

significantly correlated with the differences in mean (rs > 0.816,

Ps < 0.001; Figure 6B) and variance (rs > 0.038, Ps < 0.009) be-

tween environments but only the partial DV of detector 1 is corre-

lated with difference in skewness (r = 0.076, p = 1.658 3 10�7).

Interestingly, the correlation patterns varied across feature de-

tectors. For example, detector 1 is more strongly related to

mean difference compared with those of other detectors

(zs > 28.908, Ps < 0.001), while detector 3 is more related to vari-

ance difference (comparison with detectors 2 and 4, zs > 3.460,

Ps < 5.400 3 10�4; comparison with detector 1, z = 0.685, p =

0.494). In short, the differential correlation patterns associated

with the feature detectors enable the CNN to extract information

from the item distributions during environment choice.

To find out whether the CNN does make use of statistical mo-

ments to guide environment choice, we tested the representa-

tional similarity of the CNN with five ‘‘simplified’’ CNN models

that are trained with explicit information about statistical mo-

ments. Instead of receiving 20 component items of each environ-

ment as input, these simplified models receive either the item

mean (mean model), the item mean and variance (mean + Var

model), item mean and skewness (mean + skew model), item

variance and skewness (Var + skew model), or item mean, vari-

ance, and skewness (mean + Var + skew model). Supposedly,
Cell Reports 42, 112555, June 27, 2023 7
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C Figure 6. The CNN contains information

about statistical moments of environments

(A) All feature maps are weigh summed during the

computation of DVs.

(B) Since the components of the feature maps are

weighted differently, the DVs derived from the

feature maps also show different degrees of corre-

lation to the differences in mean, variance, and

skewness of environments.

(C) A representational similarity analysis (RSA)

suggested that the CNN carries information about

the mean, variance, and skewness of the environ-

ments. This was achieved by comparing the repre-

sentations of the original CNN with different

simplified CNNs that receive the actual mean, vari-

ance, and/or skewness of the environments directly

as input. ***p < 0.001 (n = 24; signed-rank test). Error

bars represent mean ± SEM.
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the original CNN resembles the fifth model the most, and that

was exactly what we found in an RSA. Therewere significant cor-

relations in the RSAs between the original CNN and these five

simplified CNN models (rhos > 0.978; zs > 4.413, signed-rank

Ps < 1.017 3 10�5, permutation Ps < 0.001; Figure 6C) and,

importantly, the correlation was strongest with the mean +

Var + skew model (rho = 0.996; zs > 4.413, signed-rank

Ps < 1.017 3 10�5, permutation Ps < 0.001). These suggest

the CNN for environment choice is most similar to a model that

receives input of the mean, variance, and skewness of the

environments.

The CNN and FPl share similar computational
mechanisms during environment choice
So far, we have shown that FPl signal is related to the CNN-

derived DV. However, it is unclear whether FPl and CNN also

share similar underlying computational processes. Previous

studies showed that FPl has an important role of maintaining

multiple goals simultaneously,7 and these goals can be main-

tained via amultivariate code.31 Likewise, the CNN employs par-

allel feature detectors to extract multifaceted information from

the same environment and represents them via multiple nodes.

Hence, we compared whether the CNN and FPl shared similar

computational representations while extracting environment

information.

This comparison was conducted using an RSA that involves

two steps. The logic behind an RSA analysis was that we wanted

to test whether FPl used the same complex code to represent

environments as the CNN trained on human choices (i.e., had
8 Cell Reports 42, 112555, June 27, 2023
the same representational similarity). To

begin with, we compared the FPl activity

with the full CNN (i.e., concatenating all

layers of the CNN). First, we calculated

the dissimilarity in multi-voxel activity of

FPl (or the multi-nodal activation of the

CNN) between each pair of trials in the

form of representational dissimilarity ma-

trix (RDM). Second, we tested the similarity

in RDMs between FPl and CNN via a
Spearman correlation. Note that, during the RSA, the average

signal of a brain region is essentially removed, such that the

RSA should be orthogonal to the univariate analysis in Figures 4

and 5. Our RSA showed that FPl and CNN showed similar repre-

sentations (rho = 0.007, signed-rank p = 0.016, permutation p =

0.014; Figure 7A). Similar RSAs were applied to vmPFC and

dPCC (both are also involved in decision making but not specif-

ically in environment choice), primary visual cortex (V1), and ce-

rebrospinal fluid (CSF; both are unrelated to decision making).

No significant correlation was found in these regions

(rhos < 0.004, signed-rank Ps > 0.345, permutation Ps > 0.123;

Figure 7A). These results suggest the CNN only shared similar

computational mechanism with FPl. Additional RSAs also

showed that FPl was only similar to the CNN that predicts envi-

ronment choice but not to the ANN that predicts item choice. In

contrast, vmPFC was similar to the item choice ANN but not the

environment choice CNN (Figure S6).

As the CNN contains a multi-layer architecture, we further

scrutinized whether the computations of FPl was specifically

similar to individual layers. First, an RSA that focused on the

input layer only showed a marginally significant representational

similarity with V1 (rho = 0.003, signed-rank p = 0.056, permuta-

tion p = 0.040; Figure 7B, left column), possibly because the

raw value input is correlated with sensory information. Second,

when the RSA was focused on the subsequent hidden layers

where environment information is extracted and integrated, all

the hidden layers were reliably correlated with FPl

(rhos > 0.007, signed-rank Ps < 0.035, permutation Ps < 0.024;

Figure 7B, middle column) but not with any other regions
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Figure 7. FPl and CNN shared similar neural representations

(A) An RSA showed that the multi-nodal activation of the CNN was similar to the multi-voxel activation pattern of FPl but not other control regions.

(B) Further RSAs testing individual CNN layers suggested that FPl was specifically related to the hidden layers (extracts and integrates environment features),

whereas V1 and dPCCwere related to the input layer (receives environment information) and final fc layer (combines environment features into DVs) respectively.

(C) FPl was compared with variants of CNNs that involve 1–10 feature detectors. FPl was similar to all variants with multiple detectors but not the CNN that

contains only one detector. *p < 0.05 (n = 24; signed-rank test). Error bars represent mean ± SEM. See also Figure S6.
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(rhos < 0.004, signed-rank Ps > 0.317, permutation Ps > 0.139).

Intriguingly, the fully connected layer (which combines choice in-

formation into DVs) was correlated with dPCC only (rho = 0.002,

signed-rank p = 0.022, permutation p = 0.036; Figure 7B, right

column) but not with other regions including FPl (rhos < 0.002,

signed-rank Ps > 0.492, permutation Ps > 0.081). On top of the

functional coupling between FPl and dPCC (Figure 4C), the

RSA results here showed that FPl and dPCCplayed distinct roles

in environment choice. FPl’s computation processes were

related to the extraction and integration of environment informa-

tion, whereas dPCC’s computational processes were related to

the combination of choice information into DVs for guiding

choices. These RSA results, which are orthogonal to those of

the univariate analysis in Figures 4, 5, and 6, provide additional

support that FPl and dPCC are both involved in environment

choice in the form of a functional network.

Finally, we testedmore specifically whether FPl involved a par-

allel processing to extract environment information, which is an

important component of the CNN architecture. We systemati-

cally varied the number of CNN feature detectors from 1 (i.e.,

no parallel processing) to 10. Then, we compared the extracted

environment information (i.e., the feature maps) of each CNN

variant with FPl using an RSA. We found that FPl shared similar

representations to all CNN variants with 2–10 feature detectors in

parallel (rhos > 0.005, signed-rank Ps < 0.026, permutation

Ps < 0.022; Figure 7C) but not the CNN with only one feature de-

tector (i.e., no parallel processing; rho = �0.0002, signed-rank
p = 0.977, permutation p = 0.494). In addition, the similarity

was greatest to the CNN with four feature detectors, which is

the same CNN that was mainly analyzed in this study (rho =

0.008, signed-rank p = 0.021, permutation p = 0.012). Taken

together, these results suggest FPl adopted a parallel process-

ing for the encoding of environment information.

DISCUSSION

Environment choice constrains and determines what potential

items one will encounter in the future. Choosing a place of resi-

dence, an investment plan, or an industry for a career are exam-

plesof environment choice that bear long-termconsequences for

years. However, little is known about themechanisms of environ-

ment choice. Due to its importance for adaptive behavior and its

uniquecomputational challenges,wedesigneda task tomeasure

environment choice andwe identified FPl as the neural substrate.

To further test the computational mechanisms of FPl during envi-

ronment choice,we applieda behaviorally optimizedandneurally

naive CNN. First, we showed that FPl shares similar computa-

tions to the CNN, especially in the hidden layers that compute di-

gested information about the environments’ item distributions

(Figures 6B and 6C). Second, by systematically comparing a se-

ries of CNN variants, we showed that the CNN variant with four

parallel featuredetectors provides thebest account of FPl activity

pattern and significantly outperforms an alternative CNN that

lacks parallel processing. In other words, extracting multiple
Cell Reports 42, 112555, June 27, 2023 9
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environment information simultaneously is an important charac-

teristic of FPl’s computation. Although it remains an empirical

question whether FPl contains exactly four separate neuronal

populations to integrate different choice features, our results

thus far support the view that FPl involves multiple parallel com-

putations to extract complex environment information.

Our findings of FPl, however, offer a different view from the

influential neural common currency hypothesis in neuroeconom-

ics. The hypothesis suggests that options of different kinds can

be compared biophysically and ubiquitously via the same neural

signal.32,33 VmPFC has been a candidate region that signals a

neural common currency. Previous fMRI studies suggest that

vmPFC activity correlates with the value of a wide range of items,

such as money and food.9,23,34–36 Recently, this role of vmPFC

also received some support from intracranial recording data.13

Thus, one might predict the vmPFC signal should be observed

in selections both between items and between environments.

However, our results revealed a functional dissociation between

FPl and vmPFC (Figure 4). As in previous studies, we found that

the vmPFCsignal emergedduring itemchoice. In contrast, during

environment choice, we did not see any vmPFC value signals but

a unique signal in FPl. In addition, the neurally naive CNN only

shares similar neural representations to the multi-voxel activity

pattern of FPl but not to vmPFC. One possibility of the functional

dissociation of the vmPFC and FPl is due to the different compu-

tational demands of item and environment choices. During item

choice, it is critical to compute value based on intrinsic prefer-

ences, such that the chosen item would be subjectively

rewarding. In contrast, during environment choice, there is a

strong computational demand of decomposing complex and ab-

stract choice information and forecasting the long-term conse-

quences of the choices. Hence, we consider this is one reason

why the brain engages different regions to fulfill these different

computational demands. Taken together, findings suggest that,

given the qualitative distinctiveness of environment choice from

item choice, the human brain involves an FPl-based mechanism

that decomposes and integrates complex information.

Making adaptive environment choice requires prospection or

future thinking. Peoplehave toenvisage thepotential itemsoffered

in the environment to maximize future rewards. One real-life

example is that, while buying houses, people may consider the

overall living quality of a certain district before choosing between

actual houses within the district. By contrast, whether animals

possess the capability of prospection remains as an open ques-

tion. Despite some prospective behaviors in certain wild animals,

such asconsuming extra foodbefore hibernation, those behaviors

could plausibly arise from inherent predisposition or associative

learning.37,38 Experimental evidence also suggests animals lack

the reasoning about how their current state is related to the future

(e.g., unable to realize tokens as a tool for exchange of rewards in

the future38). This specificity of prospection in humans should also

reasonably be revealed by the presence of a more evolved region

in the human brain,29,39 such as Brodmann area 10.

Prospection or future thinking is also involved in other types of

decision making, such as model-based choice. For example, if

someone wants to buy a specific house, then the person will

take a course of earlier actions that lead to the purchase of the

house, such as first contacting a specific agency and having a
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visit to the specific neighborhood. These earlier actions can be

seen as proxies to obtain the specific item. Compared with envi-

ronment choice, model-based choice requires having amodel of

the transitions between the earlier actions and the specific items,

while it also involves less abstract and less complex choice infor-

mation in these earlier actions. Due to the distinct natures of

these related classes of choice, it is important for future studies

to contrast neural mechanisms of environment choice and

model-based choice.

BA10 that includes FPl is particularly well developed in pri-

mates and particularly expanded in human brain.40 It has been

long described that primates, including humans, have developed

a unique granular layer in the prefrontal cortex. A comparison be-

tween the human and macaque granular prefrontal cortex

showed that FPl in BA10 is uniquely evolved in the human

brain.41,42 Intriguingly, most often, BA10 is implicated in cogni-

tive processes related to prospection, such as prospective

memory,7 mental time travel,43 and directed exploration.44 Exci-

tation or disruption of BA10 using non-invasive brain stimulation

methods also leads to increased and reduced exploration

respectively.44,45 All these lines of evidence coincide with our

findings about the role of FPl in environment choice.

Despite our current focus on decision between environments,

another related line of research that examines stay-switch

choices has caught much attention.46 This involves studying

how people decide between staying with the current items in

handor searching in the environment for better alternatives. Inter-

estingly, these studies generally identify value signals related to

the average item or the most rewarding item of the alternative

environment in dorsal anterior cingulate cortex (dACC),27,29,47,48

a region that is directly connected to BA10.49,50 In a broader

sense, dACC and BA10 share a wide range of functional similar-

ities, such as envisioning the choice prospect, hierarchical

reasoning, integrating task-relevant information, and monitoring

task state.7,51 However, there is little direct contrast in the func-

tional distinction between these two closely connected regions.

This study focuses on choices between multiple environments

as opposed to many foraging studies that concern average

reward rates and environment dynamics, and identified a signal

in FPl but not in dACC. It is possible that the FPl specifically con-

cerns future planning of abstract and complex choices, and this

may reflect that the evolution of BA10 in primates, especially hu-

mans, contributes largely to their behaviors that are particularly

abstract and flexible.

Our work revealed that FPl underlies environment choice in

contrast to vmPFC, a region that was previously considered as

having a universal role in decision making. Crucially, by

comparing a behaviorally optimized and neurally naive neural

networkmodel and the human neural data, we identified the spe-

cific neurocomputations of environment choices; FPl extracts

multifaceted environment information via a parallel processing

and passes that to dPCC for generating an overall DV. In real

life, environment choices, such as buying a house and planning

for retirement, often involve pre-selection of options that lead to

influential long-term consequences. This ability of decision mak-

ing between environments to maximize long-term benefits has

important survival value. Future studies are warranted to investi-

gate its relationship with the evolution of the human FPl.
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Limitations of the study
Although the task structure of the environment and item choice

trials were made very similar, the environment and item options

involved stimuli (a series of bars and a single bar, respectively)

that were visually different. Since environment choice, by nature,

involves more complex information than item choice, it is almost

unavoidable that environments need to be represented using

more complex visual stimuli. Ideally, the environment and item

choices should include identical sets of visual stimuli. One solu-

tion was to ask people to first learn the associations between ab-

stract stimuli and the environment/item choice information and

then use those abstract stimuli for the subsequent environ-

ment/item choice experiment. However, such a design would

be cognitively demanding to participants and was avoided in

the current study. Another limitation of the current study is that

the functional significance of the FPl’s parallel processing is

not clear. The feature of parallel processing has been implicated

in studies that focused on FPl, such asmaintainingmultiple goals

during multi-tasking.7 However, the functional importance of

FPl’s parallel processing during environment choice remains

elusive. Future experiments that are specifically designed to

test FPl’s parallel processing are required to fully address this

question.
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RESOURCE AVAILABILITY

Lead contact
Further information and requests for resources and reagents should be directed to and will be fulfilled by the lead contact, Chun-Kit

Law (kelvinck.law@gmail.com).

Materials availability
This study did not generate new unique reagents.

Data and code availability
d All reported data have been deposited at Mendeley and Dryad and are publicly available as of the date of publication. DOIs are

listed in the key resources table.

d All original code has been deposited atMendeley and is publicly available as of the date of publication. DOIs are listed in the key

resources table.

d Any additional information required to reanalyze the data reported in this paper is available from the lead contact upon request.
EXPERIMENTAL MODEL AND SUBJECT DETAILS

Participants
Twenty-six healthy young adults (15 females), aged 19–39 years with normal or corrected-to-normal vision and no current or history

of neurological or psychiatric conditions, were recruited via advertisement in the university and participants’ referral. Written informed

consent for each participant was obtained before experiment. This experiment was approved by the Human Subjects Ethics Com-

mittee of The Hong Kong Polytechnic University. One participant withdrew because of contraindications to MRI scans. Data of

another participant was excluded because the fMRI session had to split into two runs and it was not possible to be analyzed in

the same way as the data of other participants. Hence, data of twenty-four participants were analyzed in this study.

METHOD DETAILS

Experimental task
Participants underwent a two-stage decision making task (Figures 1A and 1B). On each Stage 1 trial, participants had to choose be-

tween two environments. Each environment was presented in the form of twenty bars and a number (Figure 1B). The height of each

bar was related to the reward probability of an item in the environment (i.e. a total of twenty items) and the number indicated the

mean rewardmagnitude of these items. After the selection of an environment, the chosen environment was surrounded by a red frame

(0.5 s) and presented at the center (2–7 s). Two items were pseudo-randomly drawn from the chosen environment and offered on the

subsequent Stage 2 trial. This was presented visually by highlighting the drawn items in yellow such that the link between the chosen

environment and the subsequent itemswere explicitly illustrated. Then, participants chose between these two items that were associ-

ated with different rewardmagnitudes (between -£10 and £10) and reward probabilities (proportional to the height of the colored bars).
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The chosen item was then surrounded by a red frame (0.5 s). Reward was delivered according to the magnitude and probability of the

chosen item. In this task,participantshad tomaximize their earningbychoosingmore rewarding itemsonStage2 trials. In turn, theyalso

had to seek for more advantageous Stage 2 items in advance by choosing a more rewarding environment in Stage 1. To enhance the

prolonged influence of Stage 1 choices, participants were told that each chosen Stage 1 environment was randomly followed by up to

three Stage 2 trials. Each subsequent Stage 2 trial begun by showing the chosen environment and randomly drawing two items in the

environment. After all Stage 2 trialswere completed, the rewards associatedwith the selected itemswere revealed together.Occasion-

ally, theStage2 trialswereomitted after anenvironmentwaschosen inStage1, such that the numbersofStage1 trials andStage2 trials

were comparable in the task. There was a total of 200 Stage 1 trials (400 different environments) and 200 Stage 2 trials (400 different

items) in this task. Figures S1B and S1C show the parametric range and autocorrelations of the Stage 1 environments.

Neural signals related to choice values are sometimes confounded by choice salience because they are collinear when only

rewarding options are included in an experiment.4,20 To avoid this, this task included environments and items that were related to

gains (Figure 1C; green bars) and losses (red bars), which is an effective way of orthogonalising value and salience. 53.5% (55%)

of the trials involved two gain environments (items), 31.5% (30%) of the trials involved two loss environments (items) and 15% of

the trials involved one gain and one loss environment (item).

Human choice is flexible to contextual demands and neural signal that reflects choice values should also be flexibly modulated in

the same manner. To examine the flexibility of neural signals related to environment and item choices, there were two Bonus Con-

ditions in this task (Figure 1C). In each block, starting from Stage 1 a bonus (between -£4 and £6) was displayed at the lower center.

The bonus value and Bonus Condition stayed the same on the subsequent Stage 2 trials of the same block. In Linked Condition (indi-

cated by two arrows pointing from the bonus to the two environments/items), the bonus was obtained when the chosen Stage 2 item

led to reward. Hence, in the presence of bonuses that were particularly rewarding, participants were incentivized to choose environ-

ments composed of items with larger probabilities, such that eventually they would be offered these items to win the bonus. In

contrast, in Unlinked Condition (indicated by crosses), the bonus was delivered unconditionally (i.e. independent of the probabilistic

choice outcomes) such that participants’ choices ought not to be affected by the bonus.

Behavioral training session
Before fMRI scanning, all participants underwent a training session to get familiar with the experimental task. First, the experimenter

explained the task instruction in details, including how the reward magnitude and probability of environments/items were repre-

sented, the relationship between Stage 1 and Stage 2, the differences between conditions (Gain vs. Loss Condition, Linked vs. Un-

linked Bonus Condition), and the way of obtaining the bonus. Participants were explicitly told that the final incentive depended on the

choice outcomes of all trials in the experiment. Afterward, participants underwent a practice task which was a shortened version of

the actual experimental task (51 Stage 1 trials, 60 Stage 2 trials). The choice accuracy in Stage 1 trials was significantly greater in the

actual experimental session than that in the training session (t23 = 5.971, p = 4.3553 10�6), while that in Stage 2 trials remained similar

(t23 = 0.141, p = 0.889).

QUANTIFICATION AND STATISTICAL ANALYSIS

Behavioral analysis
To test whether participants’ choices (to the right = 1 and left = 0) were biased by the options’ expected value and probability, bonus

value, and Bonus Condition, General Linear Model (GLM) 1 (GLM1) was applied to analyze the data of Stage 1 environment choice

and Stage 2 item choice separately:

logit
PðRÞ

1 � PðRÞ = b0 + b1EVðR� LÞ + b2ProbðR� LÞ + b3Bon + b4Cond

+ b5

�
EVðR� LÞ 3 Bon 3 Cond

�
+ b6

�
ProbðR� LÞ 3 Bon 3 Cond

�
where P(R) denotes the probability of choosing the rightward option. Prob(R-L) denotes the difference in reward probabilities (i.e. the

average environment probability in Stage 1 or item probability in Stage 2) between the rightward and leftward options; EV(R-L) denotes

the difference in expected value (reward magnitude multiplied by reward probability) between the rightward and leftward options;

Bon and Cond represent the bonus value and Bonus Condition (Linked Condition = 1, Unlinked Condition = 0) respectively.

Each Stage 1 environment consisted of a distribution of twenty items. To test whether participants’ environment choices were

biased by the statistical moments of the item distributions, GLM2 was performed:

logit
PðRÞ

1 � PðRÞ = b0 + b1EVðR� LÞ + b2MeanðR� LÞ + b3VarianceðR� LÞ + b4SkewnessðR� LÞ

where Mean(R-L), Variance(R-L), Skewness(R-L) denote the differences in mean, variance, and skewness of environment probability

respectively. A one-sample t test was performed to examine whether each beta weight was significantly different from zero across

participants in both GLMs.
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Computational modeling
Stage 1 CNN for environment choice

Environment choice requires integration of complex information about item distribution. One characteristic of the convolutional neu-

ral network (CNN) is its capability to integrate bundles of information into digested feature representation. Therefore, we employed

the CNN to investigate how complex environment values were evaluated and integrated to give rise to decisions. There are four

essential layers in the CNN: (1) input layer; (2) hidden layers; (3) choice-predicting fully-connected layer; (4) output layer

(Figures 3A and S4Ai). First, in the input layer, environment values (i.e. reward magnitude and reward probability), and bonus infor-

mation are fed in as the input of the CNN. Reward probability in the input layer (represented in a matrix) is convolved by four feature

detectors and transformed into four sets of feature maps. During convolution, each feature detector that contains a set of weights,

slides along the input matrix of reward probability of the environments. In each stride, the superimposed portion in the input is multi-

plied by the feature detector weights and the weighted-sum becomes the output of that stride. A feature map generated from this

convolution process can be formulated as follow:

Feature mapf
ij = b

ð1Þ
f +

XM
m = 1

XN
n = 1

Wð1Þ
mn1Xði+m� 1Þðj+n� 1Þ

where X is the reward probability matrix with a size of I3J; W is the matrix of the feature detector weights with a size of M3N and

W(1)
mn refers to the element in themth row, nth column; b(1)f is the bias term for the fth feature map; The row and column of the feature

map are denoted by i and j respectively (i˛{1,2, .,[I-m+1]}; j˛{1,2, .,[J-n+1]}).

After convolution, the feature maps related to the reward probabilities, the reward magnitudes, the product between the feature

maps and rewardmagnitudes, and bonus information are concatenated (indicated as concat; Figure S4Ai). Next, concat is vectorized

in the first fully-connected layer (fc1) and transformed into 512 nodes and then activated by a rectified linear unit (ReLU) function:

YN = W
ð2Þ
N ．concat +b

ð2Þ
N

ReLUðYÞ =

�
0 if Y < 0
Y if YR 0

�
where W(2)

N and b(2)
N are the weight matrix and bias term for the Nth node respectively. In the subsequent choice-predicting fully-

connected layer (final fc), all nodes are concatenated into one column vector and then weigh-summed to form the decision values

(DVs). The DVs for the kth environment are computed as follow:

DVk = W
ð3Þ
k $Y +b

ð3Þ
k

where W(3)
k and b(3)

k are the weight matrix and bias term for the kth environment respectively. Finally, the choice probability of each

environment is computed by applying a softmax function to the DVs in the output layer:

PðEnvironmentkÞ =
eDVkP2
k

eDVk
‘‘Simplified’’ CNNs
To investigate whether the Stage 1 CNN integrates information about statistical moments of the environments (Figure 7C), we devel-

oped five ‘‘simplified’’ CNNmodels, namely MeanModel, Mean+Var Model, Mean+SkewModel, Var+SkewModel, andMean+Var+-

SkewModel (Figure 7C). In the original Stage 1 CNN, the values of all component items in each environment are individually specified

in the input. In contrast, in the Mean Model, the input involves the mean of the items’ value, instead of individual item values. In the

Mean+Var Model, the input involves the mean and variance of item value. In the Mean+SkewModel, the input involves the mean and

skewness of item value. In the Var+SkewModel, the input involves the variance and skewness of item value. In the Mean+Var+Skew

Model, the input involves the mean, variance and skewness of item value.

Partial DV contributed by each feature map

In the CNN model, the DVs in the final fully-connected layer are weighted combinations of the information extracted by four feature

detectors. To test the specific information represented by each feature detector, we calculated the ‘‘partial DV’’ of each feature de-

tector. This was achieved by simply keeping the information from one feature detector at a time, while discarding the information from

all remaining feature detectors.

Stage 2 ANN for item choice

An artificial neural network (ANN) was applied to model Stage 2 item choice behavior (Figure S4Bi). It is largely similar to the Stage 1

CNN except that it involves item values as the input and an absence of convolution.
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General linear model (GLM)

In addition to the CNN, we performed five additional models to identify the model that provides the best account of participants’

choice behavior. The first one is the GLM which was adapted from GLM1, the DV was fitted using the following equation:

DVR = b0 + b1MagðR� LÞ + b2ProbðR� LÞ + b3Bon + b4Cond

+ b5ðMagR 3 ProbR � MagL 3 ProbLÞ+ b6

�
ProbðR� LÞ 3 Bon 3 Cond

�
where DVR is the DV of the rightward option (environment in Stage 1 or item in Stage 2); Mag(R-L) denotes the difference in reward

magnitude between the rightward and leftward options. All other variables are identical to those included in GLM1: Prob(R-L) denotes

the difference in reward probabilities between the rightward and leftward options; Bon and Cond represent the bonus value and

Bonus Condition (Linked Condition = 1, Unlinked Condition = 0) respectively.

Mean-variance-skewness (MVS) model

The MVS model53–56 was applied to estimate the subjective probability of a given environment based on the mean, variance, and

skewness of its component items:

dProbk =
1

20

X20
q = 1

Probk
q + rVar

�
Probk

�
+ sSkew

�
Probk

�
where dProbk denotes the subjective probability of the kth environment (either the environment on the left or right); Probk

q denotes the

qth individual item probability in the kth environment; r and s are free parameters that denote the preferences for variance and skew-

ness respectively. DV of the kth environment is the product of its reward magnitude (Magk) and subjective probability:

DVk = b1Magk + db2Probk + b3Bon + b4Cond + b5

�
Magk 3 Probk + b6

� dProbk 3 Bon 3 Cond
�

Power law model
Power law was shown applicable to the estimation of the average value of a distribution.57 Hence, we adapted the power law to es-

timate the subjective probabilities of environments as follow:

dProbk =
1

20

X20
q = 1

ðProbk
q

�g

where each individual item probability in an environment is transduced by a power g. DV of the kth environment is identical to that of

MVS model.

Cumulative prospect theory

We also adopted a classical model of subjective value estimation towards economic values, the cumulative prospect theory,58 to

estimate non-linearly the subjective probabilities and magnitudes of environments.

dMagk =

( �
Magk

�a
if Magk R 0

� l
��Magk

�b
if Magk < 0

)

where Magk is the reward magnitude of the kth option and dMagk is the resultant subjective reward magnitude. Sensitivity to value

change under gains and losses is denoted by a and b respectively whereas the degree of loss aversion is indicated by l. Besides,

subjective probability under gains and losses is estimated via two weighting functions:

dProbk =

8>>>>>>>>><>>>>>>>>>:

1

20

X20
q = 1

�
Probk

q

�g

��
Probk

q

�g

+
�
1 � Probk

q

�g�1
g

if Magk R0

1

20

X20
q = 1

�
Probk

q

�D

��
Probk

q

�D

+
�
1 � Probk

q

�D�1
D

if Magk < 0

9>>>>>>>>>=>>>>>>>>>;
where the degrees of upweighting of small probability and downweighting of large probability under gains and losses are indicated by

g andD respectively. Computation ofDV of the kth option is similar to Equation 3 except subjective rewardmagnitude ( dMagk ) is used:

DVR = b1
dMagk + b2

dProbk + b3Bon + b4Cond + b5
d�Magk 3 dProbk

�
+ b6

� dProbk 3 Bon 3 Cond
�
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Autoencoder

Apart from the CNN, we applied another deep learning neural network, the autoencoder, to fit participants’ choices. Similar to the

CNN, option value in terms of reward magnitude (Mag), reward probability (Prob), bonus value (Bon), Bonus Condition (Cond), ex-

pected value (Mag3Prob), and Prob3Bon3Cond are fed in as the input of the autoencoder. The autoencoder transforms the input

into 512 hidden nodes and each hidden node is activated by a sigmoid function:

Zh = Sigmoid
�
W

ð4Þ
h $XAutoenc + bð4Þ

�

SigmoidðzÞ =
1

1+e� z

where Zh is the hth hidden node; XAutoenc is the input; W(4)
h is the weight matrix for the hth node; b(4) is a bias term. The DV for the kth

option is computed by:

DVk = W
ð5Þ
k $Z +b

ð5Þ
k

where W(5)
k and bk

(5) are the weight matrix and the bias term for the kth option respectively.

Note that we tested different autoencoder architectures by systematically varying the number of hidden nodes (i.e.1-42, 64, 128,

256, 512), as inwhat was performed for the CNN (Figure S4), and the prediction accuracies ranged from 51% to 87%. The variant with

512 hidden nodes yielded the lowest negative log likelihood (NLL; 37.175) and thus was selected for comparison with other compu-

tational models.

Parameter optimization and model comparison

All CNNs (Stage 1 and Simplified) and ANN were fitted to participants’ choices using MATLAB Deep Learning Toolbox (The

MathWorks, 2021) whereas the alternative models were fitted using MATLAB VBA-toolbox.52 We applied a 20-fold cross-validation

procedure for each model to prevent overfitting. Specifically, we collapsed all the choices made from all participants and then

randomly split them into 20 subsets. All subsets except one were used for training the model and the remaining subset was used

for testing the trained model. This procedure repeated 20 times and the testing subset was changed every time. The goodness-

of-fit of models were compared by their negative log likelihood (NLL) via independent samples t-tests.

Neuroimaging data acquisition and preprocessing
Neuroimaging data were collected by a Siemens 3T MRI scanner. FMRI data was collected with a multi-band echo planar imaging

sequence: 2.53 2.53 2.5mm3 voxel-resolution, TR = 1.6s, TE1 = 15ms, TE2 = 36.19ms, TE3 = 57.38ms, flip angle = 70�, slice angle =
�30� (T>C). Field maps were collected to correct for signal distortions using a dual echo 2D gradient echo sequence: 2.5 3 2.5 3

2.5 mm3 voxel resolution, TR = 590ms, TE1 = 4.92ms, TE2 = 7.38ms. T1-weighted structural images were acquired using an

MPRAGE sequence: 1 3 1 3 1 mm3 voxel resolution, 174 3 192 3 192 grid, TR = 1900ms, TE = 3.97ms, TI = 904ms.

FMRI data was analyzed using FMRIB’s Software Library (FSL).59 The following procedures were used to preprocessed the fMRI

data: brain extraction by Brain Extraction Tool,60 motion correction by using FMRIB’s Linear Image Registration Tool,61 Gaussian

spatial smoothing with fullwidth at half maximum of 5mm, field map correction for distorted signal,62 and high-pass temporal filtering

(3 dB cutoff of 100s). FMRI data were registered to each participant’s high-resolution structural image and then normalized into the

standard Montreal Neurological Institute (MNI) space).63

Whole-brain analysis
All whole-brain analyses were performed using a univariate GLM approach. To investigate the value signals during environment

choice and item choice, GLM3 was applied to analyze the fMRI data of individual participants, which involves the following two re-

gressors: DDVEnv (i.e. difference in DV between the chosen and unchosen Stage 1 environments) and DDVItem (i.e. difference in DV

between the chosen and unchosen Stage 2 items). These terms were time-locked to the onset time when the environments/items

were offered and convolved with a haemodynamic response function. Six additional nuisance regressors were also included. One

parametric regressor related to the bonus value, time-locked to block bonus onset, was included. One parametric regressor related

to the value of the chosen environment, time-locked to the onset of Stage 1 delay phase, was included to model the neural signal

related to the chosen environment prior to the onset of each Stage 2 trial. Two box car regressors related to left-hand and right-

hand responses, time-locked to participants’ decisions, were included. Finally, two regressors related to the average BOLD signal

in the cerebrospinal fluid (CSF) and white matter (WM) were included. At group level, FMRIB’s local analysis of mixed effects64,65 was

applied with outlier deweighting.66 A cluster-based thresholding of Z > 3.1 and a significance threshold of p < 0.05 were used for

identifying significant clusters,67 unless otherwise specified.

Region of interest (ROI) analysis
ROI analysis was performed to scrutinize the time courses of the key brain regions identified from the whole-brain analysis. To avoid

circularity, all ROIs were located based on the findings of previous studies that revealed similar cognitive processes. FromGLM3, we
18 Cell Reports 42, 112555, June 27, 2023



Article
ll

OPEN ACCESS
found that signals in the lateral frontopolar cortex (FPl) and the ventromedial prefrontal cortex (vmPFC) were related to DDV during

environment choice and item choice respectively. A mask was created to extract the activity of the FPl by centering a sphere of 3mm

radius at the coordinates that is implicated in directed exploration,44 whereas activity of the vmPFC was extracted by centering a

sphere of 3mm radius at the coordinates that is related to item choice.68 GLM3 also identified the dorsal posterior cingulate cortex

(dPCC) during both environment and item choices. Amask that was developed based on reward-guided decisionmaking69 was used

to extract the activity of the dPCC. The extracted ROI time courses were then upsampled ten-times by cubic spline interpolation and

time-locked to stimulus onset in Stage 1 environment choice and Stage 2 item choice respectively. For each participant, the ROI

activities at each time point were regressed via a GLM, such that time courses of beta weight for each regressor in the GLM were

acquired. The beta weight time courses were then group averaged and plotted (e.g. Figure 4B). The size of each peak was extracted

from every participant, and then a one-sample t test was performed to test whether each peak in the group time courses significantly

differed from zero. Since traditional frequentists statistics is not ideal for confirming null effects, each analysis was also supplemented

by a Bayesian t test. A leave-one-subject-out procedure was applied to avoid any bias during the estimation of the peak size.70,71

Specifically, the full-width half-maximum of a peak in the group time course defined the time window for extracting that peak. More-

over, for a given participant, the time point of peak extraction was defined by the peak’s position within this time window when the

group time course excluded the beta weights from that participant. The peak for statistical tests was extracted by repeating this

leave-one-out procedure for all participants.

In Figure 6A, bonus adaptation (i.e. differential responses in different Bonus Conditions) was tested by GLM4. It included three re-

gressors: (1) a DV term estimated using all choice information except the bonus (DVBasic); (2) a DV term estimated using only the

bonus value in the Linked Condition (DVLinked Bonus) and; (3) a DV term estimated using only the bonus value in the Unlinked Condition,

but the bonuswas included as if it was in the LinkedCondition (DVUnlinked Bonus). For vmPFC in Stage 2 item choice (Figure 6Aii), GLM5

was performed by including two additional regressors into GLM4: a binary term that describes whether the trial was the first item trial

of the block (first trial = 1, non-first trial = �1) and its interaction term with the DDVLinked Bonus. In Figure 6B, salience invariance was

tested using GLM6. Regressors included DDV, salience (i.e. the sum of the two options’ absolute values), and DV sum (a nuisance

regressor to account for the remaining variance associated with the DV of the options). Note that in GLM6, salience and DV sumwere

calculated by EV instead of the CNN DV. This was because the signs of the option values were lost in the CNN DV during the normal-

ization and non-linear transformation procedures.

Psychophysiological interaction (PPI) analysis
PPI analysis was carried out to test the functional coupling of the dPCCwith FPl and vmPFC (Figure 5). The dPCCwas defined as the

seed region and the PPI included the following regressors: (1) a psychological regressor about the stage of the task (a dummy var-

iable; 1 = Stage 1 environment choice, 0 = Stage 2 item choice); (2) a physiological regressor of the FPl time courses; (3) a physio-

logical regressor of the vmPFC time courses; (4) an interaction term between regressors (1) and (2); (5) an interaction term between

regressors (1) and (3).

Representational similarity analysis (RSA)
RSA72 was performed to test the similarity in computational representations between different datasets, including fMRI neural data

and CNN predictions, by comparing their representational dissimilarity matrices (RDMs). We first computed the RDMs of the neural

data or CNN predictions for each participant. Thereafter, RSAs were conducted in a participant-by-participant manner.

For CNN models, the trial-by-trial nodal activations of all layers or a selected layer (e.g. input layer) were extracted. Next, a self-

correlation was performed using Pearson correlation and then subtracted from 1 to become an RDM of that layer. On the other

hand, for fMRI neural data, RDM computation follows the same procedures except that trial-by-trial voxel activations in different

ROIs were extracted instead. In addition to the FPl, voxel activation of other ROIs and control regions, namely the vmPFC, dPCC,

primary visual cortex (V1), and CSF, were also extracted. Voxel activation extraction for V1 and CSF was carried out using atlases

available in FSL.59 The masks for FPl, vmPFC, and dPCC are described in the previous section ROI analysis. Next, to examine

the computational similarity between different neural data and CNN predictions, RSAs were performed by computing Spearman cor-

relations between different pairs of RDMs. Note that the upper and lower triangles within an RDM (separated by the diagonal) are

always symmetrical. Hence, only the upper triangle was included for RSA. All RSA correlation coefficients were compared via

signed-rank tests and permutation tests.

It is worth noting that one participant did not fully complete the decision making task within an fMRI run such that there were fewer

number of trials for neural data than behavioral data. When RSA between neural RDM and CNN RDMwas performed for that partic-

ipant, the CNN RDM was computed excluding the trials that lacked fMRI data.

Additional behavioral experiment
Participants

Twenty healthy young adults (11 females), aged 18–27 years with normal or corrected-to-normal vision and no current or history of

neurological or psychiatric conditions, were recruited via advertisement in the university and participants’ referral. Written informed

consent of each participant was obtained before experiment. The experiment was approved by the Human Subjects Ethics Commit-

tee of the Hong Kong Polytechnic University.
Cell Reports 42, 112555, June 27, 2023 19



Article
ll

OPEN ACCESS
Experimental task

It was a simplified environment choice task, which is similar to the Stage 1 of the main experiment (Figure S2A). In each block, par-

ticipants chose repeatedly between two environments for ten trials. The environments were similar to those in the main experiment –

each of which was presented in a form of a distribution of twenty bars (representing reward probabilities of twenty items) and a num-

ber (the mean reward magnitude of the items; from -HK$100 to HK$100). Once a decision was made, the chosen environment was

surrounded by a blue frame (0.5 s). After a delay of 0.7 s, an item from the chosen environment was randomly drawn and highlighted in

yellow. Probabilistic reward was delivered according to the drawn item. When all ten trials of the same block were completed, de-

cision outcomes were shown at once. There were 400 trials in total.
20 Cell Reports 42, 112555, June 27, 2023
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