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Abstract 72 
For better decisions in social interactions, humans often must understand the thinking of 73 
others and predict their actions. Since such predictions are uncertain, multiple predictions 74 
may be necessary for better decision-making. However, the neural processes and 75 
computations underlying such social decision-making remain unclear. We investigated this 76 
issue by developing a behavioral paradigm and performing functional magnetic resonance 77 
imaging and computational modeling. In our task, female and male participants were 78 
required to predict others’ choices in order to make their own value-based decisions, as 79 
the outcome depended on others’ choices. Results showed, to make choices, the 80 
participants mostly relied on a value difference (primary) generated from the case where 81 
others would make a likely choice, but sometimes they additionally used another value 82 
difference (secondary) from the opposite case where others make an unlikely choice. We 83 
found that the activations in the posterior cingulate cortex (PCC) correlated with the 84 
primary difference while the activations in the right dorsolateral prefrontal cortex (rdlPFC) 85 
correlated with the secondary difference. Analysis of neural coupling and temporal 86 
dynamics suggested a three-step processing network, beginning with the left amygdala 87 
signals for predictions of others’ choices. Modulated by these signals, the PCC and rdlPFC 88 
reflect the respective value differences for self-decisions. Finally, the medial prefrontal 89 
cortex integrated these decision signals for a final decision. Our findings elucidate the 90 
neural process of constructing value-based decisions by predicting others and illuminate 91 
their key variables with social modulations, providing insight into the differential functional 92 
roles of these brain regions in this process. 93 
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Significance Statement 95 
In daily life, to adjust our decisions, we constantly predict others' choices, but the inherent 96 
uncertainty means we face multiple scenarios for different choices by others. Using 97 
computational modeling-based fMRI, we identified a network in three-stage computations 98 
for such decision-making. Amygdala signals represent predictions of others' choices. 99 
These signals then interact with the posterior cingulate cortex and dorsolateral prefrontal 100 
cortex, representing the decision variables for the prediction of others' likely and unlikely 101 
choices, respectively. Finally, these signals modulate the medial prefrontal cortex, 102 
influencing our final choices. These pivotal variables and their corresponding brain signals 103 
play a fundamental role in a broad range of social cognitive processes. Our findings shed 104 
light on underlying mechanisms for complex social interactions in human behavior. 105 
  106 
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Introduction 107 

In social circumstances, an outcome is dependent not only on our choices, but also on 108 
those of other individuals. Furthermore, because our choices may have to be made before 109 
knowing others’ choices, the decision would involve a prediction of those choices. 110 
Previous studies broadly investigated this social capacity of the human brain from the 111 
social cognition and theory of mind perspectives (Schaafsma et al., 2015; Hackel and 112 
Amodio, 2018; Wu et al., 2020; Ho et al., 2022) and, more particularly, by using 113 
frameworks of value-based decision-making (Lee, 2008; Rangel et al., 2008). Some of the 114 
major questions are how various aspects of others are learned and encoded for prediction, 115 
such as their preferences, goals, beliefs, and abilities (Behrens et al., 2009; Suzuki et al., 116 
2012; Wittmann et al., 2016; Munuera et al., 2018), and how different degrees of recursive 117 
thinking about others’ thoughts and actions are used (Hampton et al., 2008; Yoshida et al., 118 
2008; Yoshida et al., 2010; Hula et al., 2018; Hula et al., 2021). In contrast, the present 119 
study aims to shed light on another aspect of the prediction. The prediction of others’ 120 
choices is by no means perfect, and our optimal choice may depend on the different 121 
choices of others. In such circumstances, our own decisions should take into account not 122 
only a single predicted choice of others, but their multiple possible choices. Despite their 123 
importance in social cognition, however, the neural mechanisms and computations are not 124 
well understood. To address this issue, this study investigated neural correlates of the key 125 
decision variables by conducting a human functional magnetic resonance imaging 126 
experiment using frameworks of value-based decision-making, together with model-based 127 
fMRI analyses (Behrens et al., 2009; Dunne and O'Doherty, 2013). 128 

We developed an experimental task in which participants chose between two options 129 
to gain a reward, with the potential rewards associated with each option varying according 130 
to the choices made by another person, which were not known to the participants at the 131 
time of their decisions. In some trials, a choice to be made by others was far more likely 132 
than another possible choice, whereas the likelihood of either choice was similar in other 133 
trials. We took advantage of these different kinds of trials to separately investigate the 134 
neural correlates for making one’s own choices with more and less likely choices of others. 135 
Furthermore, in contrast to these main trials, we also conducted two types of control trials, 136 
one related to participants’ own simple value decision-making and another requiring the 137 
prediction of the choices of others alone. In particular, by contrasting the neural correlates 138 
of the main trials with those of the second control trials, we were able to distinguish the 139 
possible brain processes essential for the prediction of others’ choices to be used in 140 
making one’s own choice from those merely involved in the prediction itself. 141 

Previous studies indicated that a wide range of brain areas are involved in social 142 
cognition and decision-making (Ruff and Fehr, 2014; Yeshurun et al., 2021). Findings of 143 
our present study are broadly consistent with those of the previous studies, for instance, in 144 
that the amygdala is necessary for inferring others' mental states (Hutcherson et al., 2015; 145 
Gangopadhyay et al., 2021). However, as shown later, our findings highlight the amygdala 146 
for using the predictions of other individuals’ choices to make one’s own choices from 147 
among the brain areas related to these predictions per se. Further, from functional 148 
associations to the prediction signals (Chang et al., 2015; Alcala-Lopez et al., 2018), we 149 
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show that the activations of both the frontal and parietal areas are related to each other for 150 
making one’s own choices, constructed from predictions of others’ likely and unlikely 151 
choices. 152 
 153 
Materials and Methods 154 

Experimental design 155 
Subjects 156 
Our experiment involved 62 healthy, right-handed participants (27 women; age range, 20 157 
to 28 years; mean age ± standard deviation, 21.3 ± 1.4 years) who provided written 158 
informed consent to take part in the study. We screened all participants to ensure that they 159 
had no prior history of neurological or psychiatric illness. The RIKEN Third Research 160 
Ethics Committee approved the study. 161 

We report the results of 48 participants after applying the following exclusions. First, 162 
we excluded 8 individuals based on their behavior in the two types of control trials. Our 163 
aim was to examine the behavior (and neural correlates) in the main trials for making one’s 164 
own valued-based choices, which required prediction of the value-based choices of the 165 
other individual. Then, our behavioral inclusion criteria for the subsequent analysis using 166 
the main trials was the subject’s demonstrations of their value-based choices in the 167 
respective control trials: the subject’s behavior should at least be affected by both reward 168 
probability and magnitude, which were for the self in the control-choice trials to make their 169 
own choices and for others in the control-prediction trials to predict others’ choices. By 170 
implementing the inclusion criteria in the fit to behavior of our models (see “Modeling for 171 
behavior in the control trials” for details), subjects were excluded when either Δp or Δm 172 
had the best fit to the behavior in either of the respective control trials. Second, to ensure 173 
appropriate BOLD signal acquisitions, we excluded 6 additional participants from the 174 
remaining 54 due to excessive head motion (>2 mm in any scan axis) during fMRI scans. 175 
Thus, the behavior and blood-oxygen level-dependent (BOLD) signal analyses included 176 
data from 48 participants. 177 
 178 
Experimental task 179 
Our experimental task comprised three types of trials: control-choice, control-prediction, 180 
and main trials (Fig. 1). All three types of trials were interleaved throughout the 181 
experiment. Each trial is a one-armed bandit task in which participants choose an option 182 
likely to result in a larger gain (number of points) by choosing such an option for 183 
themselves in the control-choice and main trials or choosing an option that they predicted 184 
others would choose in the control-prediction trials. 185 

Each of the two options in the bandit task consisted of a reward probability indicated 186 
by the orientation of a bar and two reward magnitudes indicated by two numbers, top and 187 
bottom, in the center. We chose this configuration of options to minimize the number of 188 
visual elements to be presented and thus to reduce the overall processing burden when 189 
performing trials, especially for the main trial in which information on different reward 190 
probabilities and magnitudes of the self and others was required. A simple calculation 191 
example can explain the design. (1) Consider an option (in the experiment, we need two 192 
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options but, here, we consider only one option for simplicity), and first assume that we like 193 
to separately indicate reward probability and magnitude differently for the self and other 194 
individuals; this leads to 2 × 2 = 4 elements simultaneously presented in one option. (2) 195 
Based on the aim, this study requires the choice of others to change the option of the 196 
subject in some aspect and, in this task, we chose to let the others’ choice cause changes 197 
to a reward magnitude of the subject, which led to 4 + 1 = 5 elements. (3) We considered 198 
five elements in one option to be too many to ask (not to mention 10 elements in two 199 
options of a trial) and thus made a concerted effort to reduce the elements, leading to the 200 
current design. As detailed below, we chose to use only one visual element (not two) for 201 
the reward probability in one option, superimposing the probabilities for the self and other 202 
in one element. For reward magnitudes, we also superimposed magnitudes between the 203 
self and other, leading to two elements instead of three. 204 

Reward probability, whether the reward magnitude of the trial was actually rewarded 205 
or not, was sampled from five different probabilities, represented by different orientations 206 
of the bar (Fig. 1b). This orientation-probability map was set as different for the self and 207 
others, so that the same orientation bar should indicate different reward probabilities for 208 
the self and others (see “Setting of the bar orientation-reward probability map” for details). 209 
The two reward magnitudes (numbers) were always in two different colors, red and blue; 210 
the colors were used in the control-choice trials to indicate which reward magnitude should 211 
be paid attention to in each trial, and the randomization of the colors allowed us to 212 
examine decision variables in the trials, independently of the location (top or bottom) of the 213 
magnitudes in the configuration. 214 

In the main trials of the experiment, the participants had to predict the decisions of 215 
others to make their own choices because the reward magnitudes for their own choices 216 
depended on the choices made by others. To predict the choices of others, the 217 
participants could use the reward probability of others, which was obtained from the 218 
orientation-probability map for others, and the reward magnitudes of others, which were 219 
always the numbers at the top of the two options. To make their own choices, the 220 
participants needed to use their own reward probabilities for each option, which originated 221 
from the orientation-probability map for the self. The reward magnitude in each option 222 
followed the choice of others: for the option chosen by others, the reward magnitude used 223 
was the number at the bottom of the two numbers in the option, whereas for the option 224 
unchosen by others, the reward magnitude was the top number. Therefore, to make better 225 
choices in the main trials and maximize their own rewards, the participants needed to 226 
predict the choices of others, thereby figuring out the reward magnitude for themselves, 227 
and then make their own choices. 228 

For the control-choice trial, the color of the rectangular lines in the CUE phase 229 
indicated that reward magnitudes in the same color were to be used in the trial. Thus, in 230 
each trial, the participants had to make choices, using reward probabilities (according to 231 
the orientation-probability map for the self) and reward magnitudes in the color of the 232 
rectangular cue. The participants received a reward (points) of that magnitude if it turned 233 
out to be (probabilistically) rewarded for the option that they chose. For the control-234 
prediction trials, the participants were told that others would make choices using the 235 
number at the top as the reward magnitude in each option, regardless of their colors. 236 
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Thus, in each trial, the participants made choices while predicting others’ choices, 237 
considering the top numbers with the orientation-probability map for others. The 238 
participants received 30 points as a reward when their predicted choice matched the 239 
option chosen by others; otherwise, they received 0 points. 240 

Each trial comprised five phases (Fig. 1a). The trial began with the CUE phase, 241 
during which a shape (a rectangle, a circle, or a rectangle inside a circle) was presented at 242 
the center of the screen for 2-4 s to indicate the type of trial that would follow. This was 243 
followed by the OPTION phase, in which a pair of options with a fixation point in between 244 
was displayed for 3-6 s. During the CHOICE phase, which began when the fixation point 245 
changed to a question mark, the participants made their choice by pressing a button with 246 
their right hand. Combined, the CHOICE and INDICATE phases lasted no longer than 4 s, 247 
which meant that the participants had to respond within this time window to be eligible for 248 
rewards. Failure to respond within this window resulted in no reward (zero points) for that 249 
trial. The INDICATE phase followed the CHOICE phase and involved the thickening of the 250 
black frame surrounding the chosen option to indicate the participants’ selection. The 251 
FEEDBACK phase began after participants made their choice and provided feedback on 252 
the outcome of their selection. In the control-choice and main trials, a circle or cross was 253 
displayed in the center of the chosen option for 2 s to indicate whether or not the chosen 254 
option was rewarded. In the control-prediction trial, the white frame around the option 255 
chosen by the other person was shown for 2 s, and the participants received a reward 256 
(with a fixed amount) if they made a correct prediction. The trial ended with a jittered inter-257 
trial interval (ITI) of 2-4 s before the next trial began. The timing jitters for the CUE, 258 
OPTION, and ITI phases were randomly generated from a uniform distribution. To 259 
maintain the participants’ motivation, the average points earned (total points divided by the 260 
number of trials) were displayed on the screen during the resting periods after each 261 
scanning session. Before the start of the experiment, participants were informed about the 262 
monetary compensation that they would receive, which was based on their average points 263 
earned during 60 randomly selected trials. Specifically, the monetary compensation per 264 
hour in yen was calculated using the formula 40 × (average points − 17) + 1200, where 265 
1200 JPY was the base participation fee. This compensation scheme resulted in a mean 266 
total monetary gain of 9000 ± 800 JPY (ranging from 7000 to 11000 JPY across all 267 
participants). 268 
 269 
Experimental settings 270 
Setting of the bar orientation-reward probability map 271 
The setting of an orientation-reward probability map began with the choice of a starting 272 
orientation (i.e., angle). We used eight orientations (22.5° apart from each other). For 273 
convenience of explanation, we set the starting orientation as one of four possible 274 
orientations on the right of the circle (starting from the top, clockwise, 0°, 45°, 90°, and 275 
135°); note that, for instance, an orientation bar of clockwise 180° is the same as a bar of 276 
0° while a bar of 135° is the same as a bar of −45° (or +315°). Thus, it suffices to consider 277 
these four orientation bars to be the full circle. We set the starting orientation to 278 
correspond to the minimum reward probability. Then, the orientation orthogonal to the 279 
starting orientation (i.e., the angle of the starting orientation plus or minus 90°) should have 280 
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the maximum reward probability. Between the minimum and maximum reward 281 
probabilities, we chose to sample three reward probabilities, equating a proportional 282 
change in angle to that in reward probability with an equidistance of three angles; that is, 283 
considering the starting orientation as 0°, we sampled three angles at 22.5°, 45°, and 284 
67.5°. Taking these setups together, we decided to set the minimum and maximum reward 285 
probabilities as 0.2 and 0.8, respectively, and, accordingly, we also had three reward 286 
probabilities of 0.35, 0.5, and 0.65, corresponding to the three orientation bars of the three 287 
angles. In our experiments, we had to set two orientation-reward probability maps for the 288 
self and others. For this setting, we took the following strategy. We set the two maps as 289 
always having starting orientations with an offset of 45° (either clockwise or counter-290 
clockwise). Procedurally, given each participant, for the map for the self, we uniformly and 291 
randomly (with a constraint balancing across subjects) selected a starting orientation 292 
among four possible orientations and then set the map for others as having a starting 293 
orientation either +45° or −45° from the starting orientation for the self, counter-balanced 294 
across subjects. The reason for this strategy was to suppress the absolute value of 295 
possible correlations of choices given decision value (DV) differences for the self and 296 
others. 297 
 298 
Generating trials 299 
To make the best use of our experiments, we prepared experimental configurations of 300 
stimulus sets from an extensive sampling procedure via the following three steps. First, 301 
10,000 candidate stimulus blocks, each of which comprised 44 trials, were generated as 302 
follows. Eight possible orientations encoded five reward probabilities both for self and for 303 
others, according to the orientation-probability maps (Fig. 1b, for example). Among the full 304 
8 × 8 = 64 possible combinations of pairs of orientation bars between two options, we first 305 
excluded 8 combinations of identical orientations. Then, the pairs with the same reward 306 
probabilities for self (6 pairs) or for others (6 pairs) were further excluded. Hence, the 307 
remaining 44 pairs of orientation bar combinations (i.e., reward probabilities) were used to 308 
constitute 44 trials in each candidate block. Regarding the reward magnitudes for each 309 
trial in the two options, three different whole numbers were randomly sampled uniformly 310 
between 1 and 99: two numbers for the top magnitudes and one for the bottom 311 
magnitudes (the bottom numbers were always the same for the two options). To be used 312 
in the control-choice trials, colors (one red, the other blue) were randomly assigned to the 313 
two numbers within each option and the color cue of each control-choice trial was also 314 
randomly selected. 315 

Second, among the pool of 10,000 candidates prepared as described above, we 316 
selected the candidates by screening the distributions and correlations of potential 317 
decision variables. We generated the potential decision variables for each type of trial for 318 
each candidate block in the following way. As in the control-choice trials, we used the 319 
multiplication of reward probability and magnitude (determined by the cue color) for each 320 
option and considered their value difference as the potential decision variable. To examine 321 
their distribution and correlations, we used the absolute value difference (S_DV) and the 322 
value of the higher value option (S_CV) (as if simulating a chosen value). As in the control-323 
prediction trials, we similarly considered the value difference of others’ values and then 324 
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used their absolute value difference and the value of the higher value option (O_DV and 325 
O_CV). As in the main trials, the prediction of others’ choices was treated in the same way 326 
in the control-prediction trials (i.e., O_DV and O_CV). Because there were two different 327 
pairs of options for the participants’ own choices, which were dependent upon the others’ 328 
choices, there were two possible sets of decision variables for the participants’ choices 329 
and each set was modeled in the same way as in the control-choice trials; they were 330 
denoted by M_DV1, M_CV1, M_DV2, and M_CV2. Taking all of these variables of the 331 
three types of trial together, we had eight potential decision variables for each trial. We 332 
then screened 10,000 candidate blocks by evaluating their distributions and correlations 333 
within each candidate block. In terms of the distributions, two criteria were used: a block 334 
was excluded if the mean or standard deviation of any of the eight variables of the block 335 
fell out of the 90% confidence levels compared to their distributions across 10,000 336 
candidate blocks or if any of the eight variables of the block did not follow a normal 337 
distribution (verified by Kolmogorov–Smirnov test). After these two exclusions, around 338 
3,000 candidate blocks survived. We further screened the blocks by examining the 339 
correlations in each block between several specific pairs of the eight variables (for DV, 340 
S_DV vs. O_DV, O_DV vs. M_DV1, O_DV vs. M_DV2, and M_DV2 vs. M2_DV2, and their 341 
corresponding CVs); blocks were excluded if any of their correlations were larger than 342 
0.15; ultimately, 30 candidate blocks survived. 343 

Finally, from the pool of these 30 candidate blocks, we generated a full set of stimuli 344 
for each participant. For each participant, 8 blocks, where repeats were disallowed, were 345 
randomly selected from the pool and were then randomly assigned to roles of the three 346 
types of trials: 2, 2, and 4 blocks for the control-prediction, control-choice, and main trials, 347 
respectively. Half of the 8 blocks (1, 1, and 2 blocks for the three types) were used for the 348 
behavioral experiment and the other half for the fMRI experiment. This resulted in 44 349 
control-choice trials, 44 control-prediction trials, and 88 main trials, giving 176 trials in total, 350 
for either the behavioral or fMRI experiment. The order of presentations was shuffled in the 351 
176 trials so that the three types of trials were randomly interleaved in the experiment, 352 
which comprised four blocks of 44 trial presentations in the experiment. 353 
 354 
Behavior of other individuals 355 
Beforehand, we collected and prepared for the behaviors of others in the control-prediction 356 
and main trials in the following way. We recruited a group of participants who were 357 
independent from those who performed the main experiments. They performed a risk 358 
decision-making task, which would have been performed by the other person in the main 359 
experiment, using the same settings as the main experiment. All of these participants 360 
provided written informed consent and were paid based on their performance. Among 361 
these pooled participants, to simplify analyses of the main experiment, we selected the 362 
participants who made “rational decisions” relatively constantly, that is, those who usually 363 
chose the option with higher expected values: m × p, multiplication of reward probability by 364 
magnitude (confirmed by the same procedure of model selection for control-choice trials of 365 
the main experimental participants). This resulted in samples of 12 participants. For each 366 
participant, we randomly selected one individual among this pool (N = 12) as a “partner” 367 
for the given participant. The choice behavior of the selected partner was used in the 368 
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training session and then throughout the behavior and fMRI sessions. Thus, when 369 
participants performed both behavior and fMRI sessions after sufficient training, they were 370 
already sufficiently capable of predicting the choices of the partner in the two sessions. 371 
 372 
Experimental procedure 373 
All of the main experimental participants participated in both the behavioral and fMRI 374 
experiments (outside and inside the scanner, respectively). Before the behavioral 375 
experiment, participants were familiarized with the experimental task. First, they were 376 
given instruction on the control-choice and control-prediction trials and subsequently 377 
practiced these trials, performing about 5 to 10 trials for each trial type. Then, we held a 378 
learning session of trials for predicting others’ choices to ensure that the participants 379 
understood its nature and were able to predict others’ choices. The tasks in this learning 380 
session were similar to those in the control-prediction trial of the main experiment. Each 381 
participant had to predict the other’s choice in each trial and received feedback, that is, 382 
correct or incorrect, but without earning any points. The session was continued until the 383 
prediction accuracy reached and was maintained at more than 85%. Participants could 384 
achieve this accuracy level in 50 to 100 trials. After the learning session, participants were 385 
instructed on the main trials and practiced about 10 to 15 trials. In this practice session, to 386 
ensure that participants could understand the task of the main trial, an experimenter asked 387 
the participants about the rationale of their choice in two or three trials to see whether the 388 
participant could properly answer how to predict others’ choices and determine the 389 
information for the self. If the participant was confused, additional instruction (mostly the 390 
same instruction as before) was provided and more practice trials were added. 391 

The main behavioral experiment was composed of four blocks and took about 120 392 
min, including the instruction and practice session described above. Each block consisted 393 
of 44 trials, resulting in 176 trials in a total of four blocks (88 for the main trials and 44 for 394 
each of the control-choice and control-prediction trials in total). All of these trials were 395 
randomly interleaved, as in the fMRI experiment. The timings of phases in the behavioral 396 
experiment were identical to those in the fMRI experiment, and the choice behavior of 397 
participants was recorded by the pressing of a button on the computer keyboard. After the 398 
behavioral experiment, participants were taken into the scanner room and performed the 399 
same task during fMRI scanning. The fMRI session took about 100 min, including about 60 400 
min for scanning (see the “fMRI” section for details). We reported the behavioral results in 401 
the main text by combining the trials of both the fMRI and behavioral experiments because 402 
we found no difference between all experiments (fMRI + behavioral experiments) and the 403 
fMRI experiments, as indicated by the model selection (see the legends of Figure 2e and 404 
Table 1 for details). 405 
 406 
Statistical analysis 407 
Behavioral analysis and computational models 408 
We constructed valuation and choice models based on value-based decision-making 409 
frameworks (Lee, 2008; Rangel et al., 2008; Behrens et al., 2009; Dayan and Nakahara, 410 
2018). These models often underlie our behavioral analyses.  411 

 412 
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Behavior modeling 413 
The participant’s choice behavior was modeled in a value-based decision-making 414 
framework by using a SoftMax (sigmoid) function of the DV, given by 415 

𝑞 =
1

1 + 𝑒𝑥𝑝⁡(−𝐷𝑉)
 416 

where q indicates the choice probability and DV indicates the value difference between the 417 
two options. In the behavior analysis, we used q as the probability that the option on the 418 
left was chosen and DV as the value of the left option minus that of the right option. In the 419 
fMRI analyses, we used q in the alignment of the choice actually made by the subject. For 420 
instance, in a trial when the right option was chosen by the participant, q and DV were the 421 
choice probability of the right option and the value of the right option minus that of the left 422 
option, respectively; in another trial, when the left option was chosen by the participant, q 423 
and DV were the choice probability of the left option and the value of the left option minus 424 
that of the right option in the trial, respectively. 425 

The maximum likelihood approach was used to fit models to the behavioral data of 426 
the choice behavior. For each participant, the sum of the negative log-likelihood of choice 427 
probabilities for the options chosen by the participant (i.e., the probabilities q and 1 − q 428 
when the right and left options were chosen, respectively) was minimized using the “mnrfit” 429 
command in MATLAB (MATLAB R2017, MathWorks). The best-fitting model was the one 430 
that had a minimum of the sum of the negative log-likelihood, and the values of the free 431 
parameters were estimated from the best model and used in the subsequent analyses. To 432 
take into account the different numbers of free parameters for different models and 433 
compare their performance, we used distributions of Akaike’s information criterion (AIC) 434 
values (Suzuki et al., 2012). 435 
 436 
Modeling for behavior in the control trials 437 
We examined the fit of four models to the choice behavior in the control-choice and 438 
control-prediction trials; DV was modeled by using βp×Δp, βm×Δm, βp×Δp+βm×Δm, and 439 
βmp×Δmp, respectively, where Δ indicates the left option minus the right option, β indicates 440 
weights for subscripts of each variable, and m, p, and mp indicate reward magnitude, 441 
reward probability, and the product of reward magnitude and probability, respectively. 442 
First, by model comparison with individual participants, eight participants were excluded 443 
from further analysis because their best model was βp×Δp or βm×Δm among the four 444 
models in either type of trials (in above “Subjects” subsection for details). Then, by group-445 
level comparisons, we found the best models (with statistical significances) to be 446 
βp×Δp+βm×Δm for the control-choice trials and βmp×Δmp for the control-prediction trials 447 
(Table 1). These models were then adopted as the basis for modeling parts of the 448 
prediction of others’ decisions and self decisions, respectively, in the main trials. 449 

We also plotted their choice behavior (Fig. 2a) using the decision variables estimated 450 
by the best models. The behavior was first plotted for each individual participant by 451 
applying smoothing by Gaussian filter (variance = 0.5) to the value difference (x-axis: left 452 
minus right) with the choice behavior (y-axis: left option, 1; right option, 0), and then the 453 
mean and standard error of the mean were calculated across all subjects. 454 
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We also examined d’ (for choosing the left options) to determine the effect sizes of 455 
DVs on the choice behavior, based on signal detection theory. Specifically, d’ = Z(Hit) − 456 
Z(False Alarm), where Z(Hit) is the Z score of the choice probability of P(Choosing left | left 457 
value > right value) and Z(False Alarm) is the Z score of P(Choosing left | left value < right 458 
value). Therefore, a larger positive d’ indicates a greater effect of the corresponding DVs 459 
on the choice behavior, whereas d’ = 0 indicates random behaviors at the chance level. 460 
We computed d’ for the (self) value difference and others’ value difference generated by 461 
their respective best models for the control-choice and control-prediction trials, 462 
respectively. One-sample t-test against zero and paired t-test between two control trials 463 
were performed. 464 

Finally, we explain our modeling choices. In this study, we chose to use reward 465 
probability and magnitude in a crude (or linear) form. However, it might be questioned 466 
whether it would be better to use another, somewhat more polished, model such as the 467 
mean variance model to better reflect the intricate natures (e.g., risk) of value-based 468 
decisions. First, we preferred simplicity in terms of models, and we consider the current 469 
models sufficiently useful for capturing some essences of the behavior and neural 470 
correlates for the main interest of this study. Note that we do not claim that our models are 471 
the “best” models for capturing all of the intricacies of the behavior in our task. Second, 472 
simplicity was preferred for several reasons. The behavior studied in the main trials was 473 
already complex on its own and it was thus better to avoid further unnecessary 474 
complexities. To assess the multiplicative and additive value formulations, the linear 475 
treatment of reward probability and magnitude gave us transparency. Particularly for 476 
analyzing one’s own choices in the main trials, the additive form was used in which the 477 
linear treatment of the reward magnitude made the analysis particularly transparent, 478 
especially provided that the choice of others would change only the reward magnitude of 479 
the subjects. Given these factors, we preferred the current models with linear reward 480 
probability and magnitude. 481 

Nevertheless, we examined the performances of other models for clarity and briefly 482 
mention the results (although the details are not shown here). The additional models 483 
examined were the mean variance model, two types of Prelec models, and the Tversky 484 
and Kahneman model and its extension, the Wu and Gonzalez model (Tversky and 485 
Kahneman, 1992; Wu and Gonzalez, 1996; Prelec, 1998). We replaced the multiplicative 486 
value as a whole by the mean variance model or replaced the probabilities in the 487 
multiplicative value by the variable produced by one of the other models. We compared 488 
their fit to the behavior in each of the two types of control trials among all of these models 489 
together with the four models described above (βp×Δp, βm×Δm, βp×Δp+βm×Δm, and 490 
βmp×Δm). The comparison was made in the same way for the comparison of the four 491 
models in the Results section (using AIC comparisons; in addition, we also conducted BIC 492 
comparisons). For the control-choice trials, the additive value model clearly stood out as 493 
the best model and was significantly better than all other models, even if multiple 494 
comparisons were taken into account. This was also true in BIC comparisons. For the 495 
control-prediction trials, there was no clear best model. In terms of AIC value, the model 496 
with the lowest value was the second-type Prelec model while the multiplicative value was 497 
lowest in terms of the BIC value. However, when these models were compared, their 498 
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performance was not significantly better versus all of the other models. In AIC, three other 499 
models (mean variance, first-type Prelec, and Tversky and Kahneman) were close to the 500 
second-type Prelec model, followed by the multiplicative value. In BIC, the same three 501 
models (mean variance, first-type Prelec, and Tversky and Kahneman) were close to the 502 
multiplicative value, followed by the second-type Prelec and additive value models. 503 
Overall, we consider these results to support the use of the current models or, at the very 504 
least, to not suggest other models to be significantly better for the main interest of this 505 
study. 506 
 507 
Analysis of behavior in the main trials 508 
We analyzed the behavior in the main trials in two steps. First, using the best models for 509 
the control-choice and control-prediction trials (including the estimated parameter values of 510 
the models, obtained by fit to the control trials), we examined the behavior without directly 511 
fitting any models to the data in the main trials. Second, given the observations in the first 512 
step, we constructed different models, fit them to the behavior of individual subjects in the 513 
main trials, and then examined the behavior using the fitted models (with the parameter 514 
values of the models estimated by this fit). 515 

In the first step, we calculated the others’ value difference (ΔOV, left minus right) and 516 
two types of the (self) value differences that were dependent upon others choosing the left 517 
or right option, denoted by ΔSV(O=L) and ΔSV(O=R). Note that, because we did not 518 
exactly know what the participant predicted about the choice of others in the main trials, 519 
these value differences were not based on the actual prediction of others by the participant 520 
but were based on a theoretical prediction of others’ choice by ΔOV. The theoretical 521 
prediction is to choose an option that has a larger expected value for others in that trial, 522 
which we call “theoretical choice” of others hereinafter (e.g., “Modeling for behavior in the 523 
main trials” section). According to the theoretical prediction, others would choose the left 524 
option if the others’ value difference ΔOV > 0 or the right option if ΔOV < 0. To plot the 525 
choice behaviors (Fig. 2b), we first rank-ordered all of the trials according to the ΔOV and 526 
then split them into three subgroups with equal numbers of trials. For each of the three 527 
subgroups (N = 59, 58, and 59, respectively), we plotted the choice behavior (y-axis) 528 
separately with the two types of the self value difference (ΔSV(O=L) and ΔSV(O=R), x-529 
axis; Fig. 2b). To probe the effect sizes of the self values, d’ was separately computed for 530 
each ΔSV in each subgroup of trials (Fig. 2c, upper panel). For those six d’ values, one-531 
sample t-tests against zero were first performed and, then, paired t-tests between two 532 
ΔSVs were performed within each subgroup. Finally, the difference in d’ for two ΔSV 533 
values in each subgroup were obtained using one-way repeated-measures ANOVA. Page 534 
trend tests were performed on these three differences. To investigate separable 535 
contributions to the choices by the reward magnitudes and probabilities, we conducted 536 
similar analysis using three pieces of decision variables for making one’s own choices 537 
(Fig. 2c, lower panel): difference in reward probabilities (Δp), and two differences in reward 538 
magnitudes in cases when others chose the left or right option (Δm(O=L) and Δm(O=R), 539 
respectively). 540 

To further verify an effect of a difficulty in predicting others’ choices on their own 541 
choices, we analyzed the d’ for their choices by using the contrast between others’ likely 542 
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and unlikely choices (Fig. 2d). According to theoretical choices of others, we know that, if 543 
ΔOV > 0, others are more likely to choose the left option and, if ΔOV < 0, others are more 544 
likely to choose the right option. Using this information, for each trial, we classified the two 545 
self value differences into those that were based on either others’ likely or unlikely choice, 546 
namely, as primary and secondary value differences, denoted by pΔSV and sΔSV, 547 
respectively. The primary value difference is the one more likely to be used, namely, 548 
ΔSV(O=L) when ΔOV > 0 and ΔSV(O=R) when ΔOV < 0, whereas the other difference is 549 
the secondary value difference, ΔSV(O=R) when ΔOV > 0 and ΔSV(O=L) when ΔOV < 0. 550 
To examine relationships of pΔSV and sΔSV with the participants’ own choices, we also 551 
grouped all of the trials according to the degree of difficulty, which was measured by the 552 
absolute others’ value difference, that is, |ΔOV|, with the smaller values indicating more 553 
difficult trials. We examined three trial groups: all of the trials and the top 50% and top 10% 554 
of the most difficult trials in predicting others’ choices (Fig. 2d, upper panel). For those six 555 
d’ values, one-sample t-tests against zero were first performed and, then, paired t-tests 556 
between two ΔSVs were performed within each subgroup. Finally, one-way repeated-557 
measures ANOVA and Page trend test were performed on each ΔSV across the three 558 
subgroups. We then repeated the same analysis with the difference in reward magnitudes 559 
(lower panel in Fig. 2d), denoted as the primary and secondary reward magnitude 560 
difference (Δmp and Δms). 561 
 562 
Modeling for behavior in the main trials 563 
The choice behavior in the main trials was fitted and thus examined by three types of 564 
models, each of which was derived based on a different assumption of how and whether 565 
their prediction of others’ choices was used for making one’s own choices (Assumptions I, 566 
II, and III [AI, AII, and AIII]; see below). Separately for each participant, a model that best 567 
fit their behavior was chosen as the model for that participant, and the best collective 568 
models from all of the participants were used in the subsequent analyses. 569 

In AI to AIII, assumptions on how the participant used their prediction of others’ 570 
choices played a critical role. First, both the AI and AII models assume that the predictions 571 
were used for the self-choice, but they differ in that the AI model assumed that only the 572 
primary prediction of others’ choice was used, whereas the AII model assumed that the 573 
secondary prediction of others’ choices was also possibly used, in addition to the primary 574 
prediction. The AIII model assumed that no prediction was used. Second, we noted two 575 
characteristics of our models and experimental task. Given the results of the control trials, 576 
we adopted the form of additive value for one’s own choice. Furthermore, in the main 577 
trials, others’ choices affected not the reward probability to the self but only the magnitude 578 
to the self. Taking the two characteristics together, the AI model, which is the valuation (or 579 
its difference) of the primary prediction for making one’s own choice, is given in the 580 
additive form: probability difference + primary magnitude difference. This is crudely stated 581 
here and a more formal description is given below. Furthermore, if we consider the 582 
valuation with the secondary prediction for making one’s own choice (which we introduce 583 
here only for an explanatory purpose because, in our tasks, there were only two cases: 584 
with primary prediction alone or with both primary and secondary predictions), it would be 585 
constructed in the same way, replacing primary with the secondary magnitude difference, 586 

JN
eurosci

 Acce
pted M

an
uscr

ipt



18 

 

where the probability difference was the same as the case with primary prediction. 587 
Therefore, for the AII model, when both predictions were used together, the additive value 588 
is given (crudely) by probability difference + primary magnitude difference + secondary 589 
magnitude difference. We formalize these differences below, while we note here that this 590 
understanding guided us to use the primary and secondary magnitude differences when 591 
analyzing subjects as a whole, as described in the previous section. 592 

We developed our models using both reward probability and magnitudes, noting 593 
distinctions of others’ likely and less likely choices according to the theoretical prediction. 594 
Recall that for the option chosen by others, the reward magnitude used for the subject was 595 
the number at the bottom of the two numbers in the option, whereas, for the option 596 
unchosen by others, the reward magnitude was the top number. Therefore, for the 597 
theoretical choice (i.e., others’ likely choice), the participant should consider the reward 598 
magnitudes for oneself in the bottom number for the theoretical choice option and in the 599 
top number for the other option, respectively (Fig. 1c). We call the difference between 600 
these reward magnitudes the primary reward magnitude difference (Δmp). The participant 601 
might consider the other sets of reward magnitudes, called the secondary reward 602 
magnitude difference (Δms) hereafter: reward magnitudes in the top number for the 603 
theoretical choice option and in the bottom number for the other option. The secondary 604 
reward magnitude difference corresponds to the case for others’ less likely choice. This 605 
may happen, especially when the value difference of others was small, meaning that the 606 
participant’s prediction did not happen to meet the theoretical choice (as suggested by Fig. 607 
2d). 608 

AI corresponds to the case in which the participant’s prediction of the other’s choice 609 
was the theoretical choice and their own choice was made only according to the primary 610 
reward magnitudes (Δmp). These lead to a model for the prediction of others’ choices 611 
comprising DVo = βmp×Δmopo, where the subscript o indicates that these variables are for 612 
others. In this model, the participant predicts the choice of others as the left option, if 613 
Δmopo > 0; otherwise, the right option is predicted. Given this prediction, their own choice 614 
was modeled by 615 

DV = βp×Δp+βm×Δmp  616 
where Δp is the difference in reward probability (for the self) and Δmp is the primary reward 617 
magnitude difference for the self. 618 

AII corresponds to the case in which the participant takes into account not only the 619 
primary, but also the secondary reward magnitude difference, when the prediction of the 620 
other’s choice was relatively difficult. Thus, the participant’s own choice was modeled by 621 

DV = βp×Δp+βpm× Δmp +δx×βsm× Δms
 622 

where Δms is the secondary reward magnitude difference. The variable δx is an indicator 623 
representing the difficulty of predicting the other’s choice in the trial and was 1 or 0 for 624 
difficult and easy trials, respectively. Thus, the third term on the right side of the equation 625 
was included only for “difficult” trials. Because we could not definitively know which trial 626 
was difficult for a specific participant, we chose to use a grid search for fitting their 627 
behavior. First, we assessed the degree of difficulty in each trial by the absolute value of 628 
DVo, namely, |Δmopo|, and sorted all of the main trials according to |Δmopo| from small to 629 
large values, so that the more difficult trials were in the lower ranks. We then used a five-630 
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step grid search so that “x” percentages of the lower-rank trials were considered difficult 631 
trials, and five cases of x were examined as 20, 40, 60, 80, and 100, denoted by δ20, δ40, 632 
δ60, δ80, and δ100; for example, δ20 became 1 if the trial fell into 20% of the lower ranked 633 
trials (i.e., the top 20% most difficult for the others prediction), and 0 otherwise. Thus, 634 
according to δx, we had five models in AII, and each of them was separately fitted to the 635 
choice behavior of the subject. 636 

AIII corresponds to the case in which the participant gave up inferring the choice of 637 
others and, instead, assumed that the choice of others was equal for the left and right 638 
options, so that DV is given by 639 

DV = βp×Δp+βmoL×Δm_oL+βmoR×Δm_oR 640 
where Δm_oL and Δm_oR are the differences in reward magnitudes for the self when 641 
others chose the left and right options, respectively. 642 
 643 
fMRI 644 
Data acquisition and preprocessing 645 
fMRI images were collected using a 4-T whole-body MRI system (Agilent Technologies) 646 
with a transverse electromagnetic volume coil as the transmitter (Takashima Seisakusho) 647 
and a 16-array head-shaped coil as the receiver (Nova Medical). For participants 648 
positioned in the scanner, visual input was provided via a mirror fixed on the coil, which 649 
reflects the images of a screen on the back side of the scanner, while a projector outside 650 
the shielded room projects to the screen through a waveguide on the wall. The participant 651 
used a button box to make their responses with the index and middle fingers of their right 652 
hands. BOLD signal was measured using a T2*-weighted echo planar imaging (EPI) 653 
sequence (668 volumes for each block, repetition time [TR] = 1076 ms, echo time [TE] = 654 
20.5 ms, flip angle [FA] = 64°). Twenty-five axial slices (thickness = 3.0 mm, gap = 1 mm, 655 
FOV = 192 × 192 mm, matrix = 64 × 64, resulting in voxel size = 3 × 3 × 3 mm) parallel to 656 
the anterior commissure-posterior commissure plane were acquired per volume. The EPI 657 
images were reconstructed by temporal generalized auto calibrating partially parallel 658 
acquisitions (TGRAPPA) algorithm (the acceleration factor = 2) (Breuer et al., 2005). In 659 
addition, the alternating signal fluctuation by the TGRAPPA reconstruction was removed 660 
by our own software. The start of an experimental task was synchronized with the first EPI 661 
acquisition timing. Before, after, or between the functional runs, a set of high-resolution (1 662 
mm iso) and a set of low-resolution (1.72 mm iso) whole-brain anatomical images were 663 
acquired using a T1-weighted 3D MPRAGE pulse sequence (TI = 500 ms, FA = 15°, with 664 
TR = 9.5 ms and TE = 3.7 ms for high-resolution scans and TR = 7.3 ms and TE = 2.5 ms 665 
for low-resolution scans). The low-resolution anatomical imaging slices were parallel to the 666 
functional imaging slices and were used to aid in the co-registering of the functional data to 667 
the high-resolution anatomical data. A pressure sensor was used to monitor and measure 668 
the respiration signal, and a pulse oximeter was used to monitor and measure the cardiac 669 
signal. The respiratory and cardiac signals were used to remove physiological fluctuations 670 
from functional images (Hu et al., 1995). 671 

Functional and anatomical images were mainly analyzed using AFNI (Analysis of 672 
Functional Neuroimages) (Cox, 1996) and MATLAB (versions 2017 and 2019; 673 
MathWorks). Functional images for each participant were preprocessed, which included 674 
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slice time correction, removal of respiratory and cardiac signals, 3D motion correction, 675 
spatial smoothing with a Gaussian kernel (FWHM = 6 mm), high-pass temporal filtering 676 
(four cycles per run length), and temporal normalization (for each voxel, the signal of each 677 
epoch was divided by the temporally averaged signal). Then, images from all scanning 678 
sessions were connected. Anatomical images of each participant were transformed into 679 
standard Talairach space (Talairach J, 1988). Functional images were analyzed in original 680 
space for each participant, and the resulting maps for statistical parameters were then 681 
normalized and resized according to the transformed structural images and thereby 682 
transformed into standard Talairach space. 683 
 684 
Generalized linear model analysis 685 
We applied a model-based analytical approach (O'Doherty et al., 2007) to analyze the 686 
BOLD signals by using generalized linear model (GLM) regression with two levels of 687 
analysis. In the first level, the BOLD signals of each participant were entered into the 688 
GLMs. In this approach, variables of interest to build the GLM were generated by using 689 
estimates from the behavioral models that were fit to the choice behavior of each subject. 690 
Hence, we created subject-specific design matrices containing the following regressors for 691 
the GLMs. 692 

There were three GLMs: GLM1, GLM2, and GLM3. In GLM1, there were six or 693 
seven regressors for the variables of interest for each participant (please see the 694 
“Modeling of behavior in the main trials” section). There were two regressors, Δp and Δm, 695 
for the control-choice trials and one regressor, Δmp, for the control-prediction trials. For 696 
the main trials, regressors depended upon which model was selected by the behavioral fit, 697 
corresponding to AI to AIII described above: three regressors, Δmopo, Δp, and Δmp, for AI; 698 
four regressors, Δmopo, Δp, Δmp, and δx×Δms, for AII; and four regressors, Δmopo, Δp, 699 
Δm_oL, and Δm_oR, for AIII. In GLM2, there were four regressors for the variables of 700 
interest: DVs (decision values) for the control-choice and control-prediction trials, 701 
respectively, and DVo and DV for the main trials. In GLM3, all of the four regressors of 702 
interest in GLM2 were calculated by using SoftMax functions as choice probabilities, q. As 703 
described in the “Behavior modeling” section, Δ, DV, and q were aligned to the behavioral 704 
choices in all of the GLMs (chosen vs. unchosen options, rather than the left vs. right 705 
options in the behavioral analyses). All of the regressors for the variables of interest were 706 
modeled within the DECISION phase, which was defined as the period from the onset of 707 
the OPTION phase until the participant responded in the CHOICE phase in each trial (Fig. 708 
1a). After being mean-corrected and normalized, all of the regressors were convolved with 709 
a canonical hemodynamic response function (HRF) for the entire duration of the 710 
DECISION phase, before being entered into GLM analysis. 711 

We also examined BOLD response latencies different from the decision onsets. For 712 
this purpose, we constructed and used variants of GLM1, 2, and 3. Instead of convolution 713 
by the HRF signal in the original GLMs, each of the regressors for the variables of interest 714 
was convolved by five orthogonal HRFs with different delays; each HRF had a duration of 715 
2 s, their onsets were delayed by 0, 2, 4, 6, and 8 s from the onset of OPTION, and they 716 
were orthogonalized in a sequential manner from shorter to longer delays. To probe the 717 
effect sizes of a variable of interest given different decision timings, the five corresponding 718 
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convolved regressors were entered together into the same variant GLM. Therefore, three 719 
variant GLMs were created, generating five effect sizes for each variable of interest. 720 

There were 21 regressors for variables of no interest in all of the GLMs. There were 721 
two regressors for each of the three trial types, which encoded the average BOLD 722 
responses for the CUE and DECISION phases, respectively, resulting in six regressors for 723 
the three types of trials. There were, across all of the trials, one regressor for the motor 724 
response of button pressing and two regressors for the outcome (one for the OUTCOME 725 
period and another for indicating if there was a reward or not, 1 or 0). These regressors of 726 
no interest were also convolved with a canonical HRF. Six motion correction parameters, 727 
indicating shift and rotation in each dimension in 3D space, were also entered as inputs to 728 
account for motion effects. Because they were entered as inputs with delays of 0 s and 1 s 729 
for each motion parameter, there were 12 regressors for motion effects in total. 730 

In the second level of the analysis, estimated effect sizes from the first-level GLM 731 
were entered into a whole-brain random-effects analysis for extracting significant brain 732 
activations for each regressor by using group-level statistics (i.e., group-wise one-sample 733 
t-test). The brain regions with significant effect sizes for each regressor were reported 734 
based on corrected p values (p < 0.05), using familywise error (FWE) correction for 735 
multiple comparisons by permutation testing (5000 permutations, using the AlphaSim 736 
command of AFNI, in which uncorrected p < 0.001 was mostly set, unless otherwise 737 
stated). To extract the contrast of effect sizes between two variables, random-effects 738 
analysis for comparing two effect sizes was performed by using group-level statistics (i.e., 739 
paired t-test) within the activated clusters of one or two regressors, followed by a similar 740 
FWE correction procedure. 741 
 742 
Temporal dynamics of neural signals 743 
We also investigated the temporal features of the decision process in the main trial (Fig. 744 
4a-d). Variants of the original GLMs were used to extract the time courses for each region 745 
of interest (ROI). Instead of using the HRF function, each variable of interest was 746 
separately convolved with nine base functions. Each base function had a single peak 747 
(value of 1) with values of 0 before the start time or after the end time. Spline interpolation 748 
(cubic smoothing splines) was used from the start time to the peak and from the peak to 749 
the end time. The peaks of the nine base functions occurred −3 s to 21 s from the onset of 750 
the DECISION phase (with a 3-s lag between functions), and all started 3 s before the 751 
peak and ended 3 s after the peak. After convolution with the base functions, the nine 752 
regressors (for each variable) were entered into a single GLM. Therefore, nine parameters 753 
were estimated for each variable at each voxel. Time courses of brain signals for each 754 
variable of interest were then constructed by the weighted average of the nine effect sizes 755 
with the time course of the nine base functions. The time course of a ROI brain signal for 756 
each variable of interest was defined as the average time course of voxels that were within 757 
5 cm in the 3D space of the voxels with the peak activations for the variable of interest. 758 
The time courses of the brain signals for each group of participants were obtained as the 759 
means and standard errors of the individuals’ time courses of the signals. The statistical 760 
significance for each time point was examined by using one-sample t-tests against zero 761 
and independent samples t-tests between groups. 762 
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 763 
Psychophysiological interaction analysis 764 
Based on our GLM results, we used psychophysiological interaction (PPI) analysis to 765 
probe functional connectivity, that is, the neural coupling of activated brain regions, by 766 
using the interaction term generated by signal fluctuations of one region given specific 767 
psychological conditions. PPI regressors were constructed as follows. First, ROIs were 768 
defined as the activated clusters in group-level activation maps from the GLM analysis. We 769 
then extracted the averaged BOLD time courses within a given ROI (as a physiological 770 
seed) for each participant based on their preprocessed BOLD signals. We then extracted 771 
the physiological signals from the seed by deconvolution of the time course of the seed 772 
with an HRF. For psychological seeds, we took a simpler approach (Wunderlich et al., 773 
2012). Because we were primarily interested in how brain signals relating to decisions in 774 
one area were affected by other signals during a decision-making process, we simply set a 775 
variable encoding the time of the decision-making process, that is, the “DECISION” phase 776 
of trials, as the psychological seeds; we set the time as 1 for the DECISION phase and 777 
otherwise as 0, for all three types of trials. This seed was used for all of the PPI analyses 778 
except for the additional examination described in the Results section; in that case, instead 779 
of the DECISION phase, we took others’ choice probability as the psychological seed. 780 
Using the physiological and psychological seeds, we also generated the interaction term. 781 
We first normalized each of the physiological and psychological terms to [0, 1] and then 782 
multiplied them by each other, further orthogonalizing the product to each of the two first-783 
order terms. Next, the three terms (the interaction and the two first-order terms) were 784 
mean-corrected and convolved with an HRF. To guard against possible confounding 785 
effects, we included not only the first-order terms of the interaction term as usual, but also 786 
other regressors in the original GLM analysis. 787 

We separately conducted ROI PPI and voxel-wise PPI analysis. For ROI PPI, we 788 
determined the target ROI based on the significant brain activations found by the GLM 789 
analysis and then conducted the PPI analysis. The effect size in the target ROI was tested 790 
using a one-sample t-test against a null hypothesis of zero mean and paired t-tests 791 
between different psychological seeds. For voxel-wise PPI, the activated regions were 792 
probed by using the interaction term for each voxel, in which the maps were analyzed as 793 
random effects by t-test. Significant activations were determined and are reported as p < 794 
0.05 (corrected), using small-volume correction (SVC) for which the ROI was used as 795 
mask, with FWE correction for multiple comparisons by the permutation test. 796 
 797 
Individual differences in brain signals 798 
We investigated differences in brain signals in the right dorsolateral prefrontal cortex 799 
(rdlPFC) with respect to individuals’ behavioral variations. In the original GLM analysis, the 800 
effect sizes for Δms were available only for Group II (GII) participants, whose best models 801 
for the main trials followed AII and contained the regressor of Δms. To extract the effect 802 
sizes of Δms in the rdlPFC from Group I (GI) participants, additional GLMs were 803 
developed. The additional GLMs for the GI participants were defined by their best models 804 
only within AII models (note: the original best models for GI participants were based on 805 
AI). We thus extracted the rdlPFC activations for Δms for each participant in GI and II (N = 806 
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43). We then examined the correlations of each participant’s rdlPFC activations with 807 
differences in the AIC values of the behavioral fit of each participant between the AI and II 808 
models across all of the participants of GI and II and within each group. As a control, the 809 
same analysis was conducted with the posterior cingulate cortex (PCC) activation for Δmp. 810 
In GII participants, we first replicated two PPI results; the left amygdala or PCC activations 811 
with the rdlPFC activations, and then examined the correlations of the left amygdala 812 
activations for others’ decisions and the two neural couplings with the difference in AIC 813 
values. 814 
 815 
Code and data accessibility 816 
The data and code used for analysis in this study are available on OSF 817 
(https://osf.io/ge69r/). Further information is available from the authors upon reasonable 818 
request. 819 
  820 
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Results 821 

Behavior 822 

To investigate how humans make their own choices that need to be guided by predicting 823 
the decisions of other individuals, we developed an experiment task involving three types 824 
of trials: main trials and two control trials called control-choice and control-prediction trials 825 
(see Fig. 1; for details, see Methods). The main trials were our primary interest. In these 826 
trials, the available options for the subjects depended on the choices made by others, so 827 
that the subjects needed to predict others’ choices to make their own choices. In contrast, 828 
in the control-choice trials, subjects made choices based on probabilistic reward outcomes 829 
without the need to predict others’ choices while, in the control-prediction trials, subjects 830 
indicated their choice of prediction about which option another person would likely choose. 831 
These two control trials were conducted to examine each of two processes, making one’s 832 
own choice and predicting the choice of others, independently from each other, whereas, 833 
in the main trials, the two processes interacted, that is, the prediction of others’ choices 834 
informed what options to choose from, leading to one’s own choices being made. 835 
Specifically, for the option chosen by others, the reward magnitude used for the subject 836 
was the number at the bottom of the two numbers in the option, whereas, for the option 837 
unchosen by others, the reward magnitude was the top number (Fig. 1c). Thus, the subject 838 
had to predict the choice of others to infer what reward magnitude the subject should use 839 
in their options and to then make their choices of the option. 840 
 841 
Subjects making decisions when predicting others’ decisions 842 
We first present the analyses of the choice behavior by the subjects in the two types of 843 
control trials, partly for ease of understanding and, more importantly, because we had 844 
planned to use the best model of each process to analyze the choice behavior in the main 845 
trials. 846 

We found that their behavior was strongly influenced by differences in expected 847 
rewards (i.e., values) for the subject and others. To conduct these analyses, we adopted 848 
decision-making models based on value-based decision-making/reinforcement learning 849 
frameworks and conducted the models’ fit to the choice behavior: for making value-based 850 
decisions in the control-choice trials and for predicting others’ choices by emulating their 851 
value-based decisions in the control-prediction trials (see Table 1 for details). Our task 852 
involved the manipulation of reward probabilities and magnitudes separately. As a result, 853 
we examined four different decision variables to fit the models to the observed behavior. 854 
One variable was a usual value (magnitude × probability) while the other two variables 855 
were controls that used only either the magnitude or probability variable. The last variable 856 
involved the use of both variables in an additive way (i.e., not in a multiplicative way, as in 857 
the first variable; see “Behavior modeling” in Methods for details). This additive valuation 858 
was examined because some previous studies indicated that, when both reward 859 
probabilities and magnitudes were separately manipulated, such additive treatment might 860 
better fit the choice behavior than the “usual” value obtained by multiplication of the two 861 
variables (Rutledge et al., 2014; Blain and Rutledge, 2020). We refer to this additive 862 
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variable as the “additive value” when it was necessary to distinguish it from the usual value 863 
variable (which could also be called the “multiplicative value”). We tested these four 864 
decision variables with reward probability and magnitude for the self in the control-choice 865 
trials and with reward probability and magnitude for others in the control-prediction trials. 866 

Indeed, all of these four decision variables had a significantly better fit to the choice 867 
behavior than chance in both types of control trials (Table 1). In the control-choice trials, 868 
we found that choice behavior was best modulated by differences in additive values 869 
between two options for the subject (as shown in Fig. 2a, left panel, and confirmed as the 870 
best variable among the four different decision variables [see Table 1]). In contrast, for the 871 
control-prediction trials, choice behavior was best modulated by differences in 872 
multiplicative values between two options for others (Fig. 2a, middle panel, Table 1). With 873 
these best models, analysis based on signal detection theory (Fig. 2a, right panel) also 874 
confirmed that the effect sizes of the detection of higher values were significantly positive 875 
both in the control-choice trials (t(47) = 27.033, p < 0.001) and in the control-prediction 876 
trials (t(47) = 33.665, p < 0.001), with no significant difference between them (t(47) = 877 
−0.749, p = 0.457). These results together suggest that the choice behavior of the subjects 878 
was well approximated by the use of value-based decisions for the self and of the 879 
prediction of others’ choices in the control-choice and -prediction trials, respectively. 880 

Notably, the best-fitting model differed between the two control trials: the additive 881 
value difference for the subjects’ own choices in the control-choice trials and the 882 
multiplicative value difference for the prediction of others’ choices in the control-prediction 883 
trials. We may wonder about the cause of the discrepancy in the best fitted model between 884 
the two cases and why the same additive value was not the best fit for predicting others’ 885 
choices. We did not pursue this issue further in this study, given the following observation. 886 
We had pre-selected a pool of other individuals whose behavioral choices were predicted 887 
by the subjects in the control-prediction trials. The selection was made to collect 888 
individuals whose choices were relatively aligned with the multiplicative value (see 889 
“Behavior of other individuals” section for details). Given this fact, we consider it 890 
reasonable that the subjects’ behavior was best fit by the multiplicative rather than the 891 
additive value for predicting others’ choices. Additionally, although the discrepancy itself 892 
may be mostly due to our experimental setup, we also considered the discrepancy to 893 
support the subjects’ faithful prediction of others’ choices in the control-prediction trials, 894 
beyond their tendency for their own choices (additive value). Although not pursued in this 895 
study, a question remains whether the additive value difference would be a better model 896 
for predicting the choices of others in face of a wide variety of other individuals when 897 
reward magnitudes and probabilities are independently manipulated. 898 

We then proceeded with analyzing the choice behavior in the main trials, which 899 
involved both components (i.e., making one’s own choices and predicting the choice of 900 
others). Given the results of the control trials described above, we adopted the additive 901 
value difference for one’s own choices and the multiplicative value difference for the 902 
prediction of others’ choices. The analysis of the main trials in this section was based on 903 
these models (including parameter values estimated by the fit to the behavior in the 904 
respective control trials). In the next section, we use different models constructed from the 905 
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two forms of valuations, fit these models (and thus their parameters) to the behavior of 906 
individual subjects in the main trials, and then examine a variety of behaviors. 907 

We first aimed to demonstrate that subjects made their choices by relying on the use 908 
of value differences that were appropriate based on their predictions of others’ choices. To 909 
begin with the analysis, we noted two types of potential value differences for the subject in 910 
each trial, corresponding to when others chose the left or right option. We denoted these 911 
differences ΔSV(O=L) and ΔSV(O=R), respectively. We observed that the subject tended 912 
to use ΔSV(O=L) when others were more likely to choose the left option and ΔSV(O=R) 913 
when others were more likely to choose the right option. We categorized the main trials 914 
into three groups based on the difference in the value of others (denoted by ΔOV) between 915 
the two options—[ΔOV > 0], [ΔOV ≈ 0], and [ΔOV < 0]—with an almost equal number of 916 
trials in each group (N = 59, 58, and 59, respectively; see “Analysis of behavior in the main 917 
trials” in Methods for details). Figure 2b shows the choice behavior plotted against the two 918 
value differences. It was evident that the subject's value difference, either ΔSV(O=L) or 919 
ΔSV(O=R), better predicted the choice behavior when [ΔOV > 0] or [ΔOV < 0], 920 
respectively. However, when it was difficult to predict the choices of others ([ΔOV ≈ 0]; Fig. 921 
2b, middle panel), both value differences were similarly predictive of the subject's choices. 922 
Signal detection theory analyses (shown in the upper panel of Fig. 2c) confirmed our 923 
findings. First, the d' values of all six cases (two types of value differences × three groups 924 
of trials) were significantly positive (all p values < 0.008). Second, the effect size of 925 
ΔSV(O=L) was significantly larger than that of ΔSV(O=R) (t(47) = 8.525, p < 0.001) only in 926 
trials with [ΔOV > 0] while the effect size of ΔSV(O=R) was significantly larger than that of 927 
ΔSV(O=L) (t(47) = −6.954 p < 0.001) only in trials with [ΔOV < 0]. There was no significant 928 
difference between them when [ΔOV ≈ 0] (t(47) = −0.480, p = 0.634). Additionally, there 929 
was a significant trend in the difference in the effect sizes between the two ΔSVs (d' of 930 
ΔSV(O=L) minus d' of ΔSV(O=R)) across the three groups of trials (one-way repeated-931 
measures ANOVA, F(2,94) = 54.867, p < 0.001; Page trend test, L = 642, p < 0.001). 932 

Second, we examined the above findings on a finer scale using reward magnitude 933 
differences. For this, please note two characteristics of this study: (1) we used the additive 934 
form of valuations for one’s choice, given the results of the control-choice trials; and (2) in 935 
the main trials, the choices of others impacted the subjects' options only via the reward 936 
magnitudes of the subjects (Fig. 1c). Taken together, in the additive form, any differential 937 
effects of the two value differences (ΔSV(O=L) and ΔSV(O=R)) should manifest through 938 
the difference in reward magnitudes between the two value differences (see “Modeling for 939 
behavior in the main trials”). Therefore, we analyzed the corresponding distinct 940 
contributions of reward magnitudes and probabilities to the choice behaviors in the main 941 
trials. We conducted an analysis (Fig. 2c, lower panel) that involved three decision 942 
variables for the subject's choices: the difference in reward probabilities between two 943 
options, denoted by Δp, and two differences in reward magnitudes, denoted by Δm(O=L) 944 
and Δm(O=R), respectively, for cases where others chose the left or right option. We 945 
discovered that the effect size (d') of Δp was not significantly different between the two trial 946 
groups ([ΔOV < 0] and [ΔOV > 0], t(47) = 0.432 p = 0.667) nor among the three trial 947 
groups (one-way repeated-measures ANOVA, F(2,94) = 2.802, p = 0.066). However, for 948 
the reward magnitudes, we observed that the effect size of Δm(O=L) was significantly 949 
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greater than that of Δm(O=R) (t(47) = 4.983, p < 0.001) only in the trials with [ΔOV > 0] 950 
and that the effect size of Δm(O=R) was significantly greater than that of Δm(O=L) (t(47) = 951 
6.067, p < 0.001) only in the trials with [ΔOV < 0]. When [ΔOV ≈ 0], there was no 952 
significant difference between the two (t(47) = 1.682, p = 0.100). This finding was further 953 
confirmed by a significant trend in the difference in effect sizes between the reward 954 
magnitude difference (d' of Δm(O=L) − d' of Δm(O=R)) across the three trial groups (one-955 
way repeated-measures ANOVA, F(2,94) = 35.08, p < 0.001; Page trend test, L = 626, p < 956 
0.001). These results indicated that both reward probabilities and magnitudes played a 957 
role in decision-making by the subject but that the contributions of the reward magnitudes 958 
(Δm(O=L) and Δm(O=R)) were modulated by predictions of more likely others' choices, 959 
corresponding to trials of [ΔOV > 0] and [ΔOV < 0], respectively. 960 

Taken together, these results demonstrated that subjects were making decisions by 961 

predicting others’ choices, wherein an appropriate value difference of the subjects, at least 962 

one of the two types, was used. Next, we then asked the question, “Did the subject use only 963 

one type without considering the other type?” The subject's choice behavior may have been 964 

influenced not only by one type but both types, especially when the prediction was relatively 965 

difficult. To investigate this issue, we introduced a distinction between two value differences, 966 

called primary and secondary value differences, corresponding to the cases when the others 967 

make choices that are likely and unlikely chosen, respectively. We defined the primary value 968 

difference of the subject (denoted by pΔSV) as that related to when others choose options 969 

likely to be chosen, that is, ΔSV(O=L) when ΔOV > 0 and ΔSV(O=R) when ΔOV < 0. In 970 

contrast, the secondary value difference (sΔSV) is ΔSV(O=R) when ΔOV > 0 and ΔSV(O=L) 971 

when ΔOV < 0. The influence of the secondary value difference on choice behavior was 972 

examined in relation to the difficulty of predicting others' choices. This difficulty was 973 

measured as the absolute difference in others' values and also in the subsequent analysis. 974 

We used three groups of trials with respect to the difficulty: all trials, the top 50% most difficult 975 

trials, and the top 10% most difficult trials. 976 

First, we found that when the subject used a prediction of others' choices to make their 977 

own choices, they primarily relied on the primary value difference but also used the 978 
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secondary value difference, particularly when the prediction was difficult. We analyzed the 979 

choice behavior with respect to pΔSV and sΔSV for the three groups of trials. We found that 980 

sΔSV had a greater impact on choices in more difficult trials (Fig. 2d, upper panel). Both 981 

value differences, pΔSV and sΔSV, had significant effects in all three trial groups (all six 982 

bars significantly different from zero, all p values < 0.001 in Fig. 2d, upper panel). However, 983 

the effect of pΔSV did not differ across the three groups, indicating that its effect did not vary 984 

relative to the difficulty of predicting others’ choices (one-way repeated-measures ANOVA, 985 

F(2,94) = 0.32, p = 0.728; Page test, L = 551, p = 0.995; paired t-tests in three pairs, all p 986 

values > 0.55). In contrast, the effect of sΔSV increased significantly over the three groups 987 

of trials in the order of greater concentration on difficult trials (one-way repeated-measures 988 

ANOVA, F(2,94) = 9.61, p < 0.001; Page test, L = 611, p < 0.001; paired t-tests in three 989 

pairs, all p values < 0.01). The effect sizes were larger for the primary value difference than 990 

for the secondary value difference in all trials and the top 50% groups (pΔSV vs. sΔSV: t(47) 991 

= 8.201, p < 0.001 and t(47) = 7.102, p < 0.001, respectively). However, there was no 992 

significant difference between the two value differences in the top 10% group of trials (t(47) 993 

= 1.576; p = 0.122). 994 

Second, we demonstrated that the influence of the secondary value difference on 995 
choice behavior was mediated by the difference in reward magnitudes, particularly in 996 
difficult trials. We replicated the above analysis, instead by using the difference in reward 997 
magnitudes (Fig. 2d, lower panel), which we refer to as the primary and secondary reward 998 
magnitude difference (denoted by Δmp and Δms). We observed significant effects of Δmp 999 
(all p values < 0.001) but found no difference in its effects across the three trial groups 1000 
(one-way repeated-measures ANOVA, F(2,94) = 2.843, p = 0.063). However, the effect of 1001 
Δms significantly increased with trial difficulty (one-way repeated-measures ANOVA, 1002 
F(2,94) = 5.351, p = 0.006). The effect of Δms was significantly larger than zero in the top 1003 
10% most difficult trials (t(47) = 2.547, p = 0.014) and was also significantly larger than the 1004 
effects of all trials (t(47) = 2.103, p = 0.041) and the top 50% most difficult trials (t(47) = 1005 
2.594, p = 0.013). The effect sizes were larger for Δmp than Δms in all three trial groups 1006 
(Δmp vs. Δms: t(47) = 8.448, p < 0.001t(47) = 9.130 [p < 0.001], and t(47) = 2.127 [p = 1007 
0.039] for all, top 50%, and top 10%, respectively). 1008 
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 1009 
Modeling behavior in the main trials 1010 
Based on the above findings, we next investigated behavioral variabilities across individual 1011 
subjects in the main trials. For this purpose, we fit to the behavior using different 1012 
computational models. Our main interest was whether and how often the secondary value 1013 
difference, in addition to the primary value difference, was related to the individual’s choice 1014 
behavior. We then used three computational models (see the “Modeling for behavior in the 1015 
main trials” section for details). The first two assumption models (AI and AII) both assumed 1016 
that subjects used predictions of others' choices to inform their own decision-making. 1017 
However, a critical difference between the AI and AII models is that the AI model used only 1018 
the primary value difference while the AII model used both the primary and secondary 1019 
value differences. Our secondary interest was to see whether or not most individual 1020 
subjects would use predictions of others’ choices (which fall into either AI or AII models). 1021 
Thus, our third model (AIII) assumed that the subject made no use of the predictions for 1022 
making value-based choices. For fitting AII models to the behavior, we used a grid search 1023 
strategy with five cases, where the secondary value difference was used only for 20%, 1024 
40%, 60%, 80%, or 100% of the main trials, based on the difficulty of the prediction of 1025 
others’ choices (see Methods for details). We fitted all of these AI, AII (with the five cases, 1026 
among which the best-fitting model was set as the AII model for the given subject), and 1027 
AIII models to the choice behavior and compared their performance. 1028 

Analyzing the choice behavior by using these models, we found that most subjects 1029 
incorporated predictions of others’ choices when making their own choices (i.e., best fitted 1030 
by either the AI or AII models), with a large proportion of them using both primary and 1031 
secondary value differences. First, when we compared the models’ fit to the behavior of all 1032 
subjects, we found that the AI and AII models provided significantly better fits to the data 1033 
than the AIII model (paired t-tests of AIC values: I vs. III, t(47) = −7.461, p < 0.001; II vs. III, 1034 
t(47) = −8.688, p < 0.001); a comparison of the AI and AII models revealed that the AII 1035 
model was superior to the AI model (I vs. II, t(47) = 4.446, p < 0.001), as depicted in Fig. 1036 
2e. These results suggest that use of both the primary and secondary value difference was 1037 
fairly common across the subjects. Second, we compared the models’ fit to each individual 1038 
subject. Most subjects were better fitted by either the AI or AII models than the AIII model 1039 
(N = 43 for either the AI or AII models vs. N = 5 for the AIII model), indicating that most 1040 
subjects (N = 43) examined in the analysis used predictions of the others’ choices to make 1041 
their own choices. Of these 43 subjects, approximately one-third (N = 14, referred to as 1042 
Group I, or GI) were best fitted by the AI model while the remainder (N = 29, Group II, i.e., 1043 
GII subjects) were best fitted by the AII model (Fig. 2f, left). Thus, these results suggest 1044 
that most of the subjects (GII or two-thirds) made their own choices using both the primary 1045 
and secondary value difference, whereas a minority (GI) used only the primary value 1046 
difference. 1047 

We next compared GI and II of the subjects in their choice behavior and their 1048 
models’ fit to the behavior. First, we explored any possible further differences in choice 1049 
behavior between GI and II subjects. However, we found no significant differences 1050 
between the two groups: (1) in terms of the accuracy of the prediction of others’ choices in 1051 
choice-prediction trials (median rates of correct prediction: GI = 0.881, range = 0.851-1052 
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0.955; GII = 0.896, range = 0.736-0.966; I vs. II, Z = −0.820, p = 0.412, Mann-Whitney U 1053 
test), which was also confirmed by the lack of a significant difference in the effects (d’) of 1054 
the detection of others’ choices (mean ± standard error: GI = 2.536 ± 0.419; GII = 2.698 ± 1055 
0.690; GI vs. GII, t(41) = −0.808, p = 0.424, independent samples t-test); (2) in terms of the 1056 
expected reward gain with their choices in main trials (median total expected points of the 1057 
chosen option divided by the number of trials: GI = 26.62, range = 23.09-28.61; GII = 1058 
26.67, range = 23.08-30.43; I vs. II, Z = −0.402, p = 0.688, Mann-Whitney U test), also 1059 
confirmed by the lack of a significant difference in the expected reward difference per trial 1060 
(expected reward points of the chosen options minus that of the unchosen option, divided 1061 
by the total number, GI: median = 12.49, from 5.125 to 15.49; GII: median = 12.44, from 1062 
5.173 to 17.79; GI vs. GII, Z = −0.350, p = 0.726, Mann-Whitney U test). These findings 1063 
suggest that there were no differences in behavioral performance between the two groups. 1064 
However, we caution that this could be due to our specific experimental task design. In 1065 
more general settings, the use of secondary decision variables may lead to potential 1066 
behavioral benefits. Nonetheless, the absence of differences in behavioral performance 1067 
between the two groups allowed us to analyze the BOLD signals between GI and GII 1068 
subjects, without being confounded by any differences in behavioral performance. Second, 1069 
we examined variations in the relative fit between the AI and AII models among subjects of 1070 
GI and II. For this, we analyzed the differences in AIC values between the two models, 1071 
sorted by magnitude (Fig. 2f, right). We observed large variability in fit across subjects, 1072 
suggesting significant variability in choice behavior. However, despite this variability, the 1073 
difference in fit was relatively gradual across the subjects, without any sharp changes at 1074 
any point and with increasing differences from left to right in the figure. This suggests that, 1075 
although we identified two subject groups (GI and II) that differed in their use of secondary 1076 
value differences, their behaviors were on a continuum rather than being two distinct 1077 
categories. 1078 
 1079 
fMRI results 1080 

We conducted a computational model-based fMRI analysis to investigate the neural 1081 
activities and processes underlying the prediction of others’ choices and one’s own 1082 
decision-making in the context of prediction. For analysis in the main trials, we used the 1083 
best-fitting model among the AI-AIII models for each individual participant. We isolated 1084 
each process to allow for a comparison of neural correlates between the main and control 1085 
trials and also examined the interactions between fMRI signals for decision and prediction, 1086 
as well as variations in activations that correlated with individual behavioral differences. 1087 
 1088 
Brain activations by GLM analysis 1089 
mPFC and amygdala are respectively activated for self decision-making and predictions of 1090 
others’ decisions 1091 
First, we compared the neural correlates associated with decision-making in trials where 1092 
participants made choices independently (i.e., the control-choice trials) versus those where 1093 
they made choices based on others’ predictions (i.e., the main trials). We examined the 1094 
activation of the subject’s decision values (DVs), which is the difference between the value 1095 
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of the option chosen and that of the option not chosen. Our results revealed significant 1096 
activations of BOLD signals in the medial prefrontal cortex (mPFC), as illustrated in Figure 1097 
3a (mPFC; control-choice trial, x = 1.8, y = 42.8, z = 6.3; main trial, x = 3.4, y = 42.4, z = 1098 
5.7, in Talairach space, left-posterior-inferior), as well as in other regions, such as the 1099 
insula, middle temporal gyrus (MTG), superior temporal gyrus (STG), and inferior parietal 1100 
lobule (IPL), in both the control-choice and main trials. However, no significant differences 1101 
in activation were observed in these regions in a comparison of the control-choice and 1102 
main trials (Table 2). These findings suggest that the neural activations associated with 1103 
final decision-making for oneself are similar, regardless of whether one takes into account 1104 
predictions of others’ choices. 1105 

Then, we investigated the neural correlates associated with the prediction of others’ 1106 
choices, regardless of whether those predictions were used to inform one’s own decisions. 1107 
To do so, we used a regressor of others’ choice probability for the chosen option as the 1108 
decision variable, rather than others’ DV, as the subject was only required to predict 1109 
others’ choices in these trials, not their reward expectations or differences. Our results 1110 
revealed that, in both the control-prediction and main trials, the choice probability had 1111 
significant activations in the left amygdala (Fig. 3b, control-prediction trial, x = −30, y = 1112 
−1.9, z = −13; main trial, x = −20.9, y = −2.7, z = −11). Furthermore, in the control-1113 
prediction trials only, significant activations were observed in the left insula, right 1114 
temporoparietal junction (rTPJ), STG, and IPL. No significant difference was observed in 1115 
any of these regions when we compared the control-prediction and main trials (Table 2). 1116 
These findings suggest that the left amygdala activation stands out among the significant 1117 
activations found in control-prediction trials because it was only significantly activated in 1118 
the main trials. Additionally, when we examined the data using the DV of others instead of 1119 
others’ choice probability, we found that the mPFC was activated in both the control-1120 
prediction and main trials, with no significant differences between the two (Table 2). 1121 
 1122 
PCC and rdlPFC for primary and secondary value differences 1123 
We then explored possible neural processes unique to the main trials. In our behavioral 1124 
analysis, we found that the subject's choice was influenced by both the primary and 1125 
secondary value differences, with the effect most pronounced when we considered the 1126 
primary and secondary differences in reward magnitudes (Δmp and Δms) (Fig. 2d). 1127 
Furthermore, among all the subjects, the choice behavior of GI and GII subjects were 1128 
influenced by the primary value difference, while that of GII subjects were also influenced 1129 
by the secondary value difference. Accordingly, we investigated neural activations in 1130 
response to Δmp, Δms, and Δp during the main trials, using data from GI and II subjects (N 1131 
= 43) for Δmp and Δp and only GII subjects (N = 29) for Δms. First, we observed significant 1132 
activations in the posterior cingulate cortex (PCC) in response to Δmp (Table 3, Fig. 3c), 1133 
with two clusters surviving (one at x = −6.5, y = −27.1, z = 39.7, and the other overlapping 1134 
with the precuneus at x = −0.6, y = −49.6, z = 31.5). In contrast, Δms yielded significant 1135 
activations in the rdlPFC (x = 46.4, y = 10.5, z = 34.8; Table 3, Fig. 3c). Analysis of the 1136 
data from GI subjects as a control failed to reveal any significant activations in the rdlPFC 1137 
in response to Δms. Second, by contrasting activations in response to Δmp and Δms with 1138 
those identified by differences in reward magnitude in control-choice trials (Δmc), we 1139 
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identified clusters that survived in the PCC and rdlPFC (Δmp vs. Δmc and Δms vs. Δmc, 1140 
respectively; Table 3). Third, we found significant activations in response to Δp in the 1141 
insula, MTG, STG, and IPL during both the control-choice and main trials, but no positive 1142 
activations survived when we contrasted the main and control-choice trials (Table 4). 1143 
Taken together, these findings suggest that the BOLD signals that correlated with the 1144 
primary and secondary differences in reward magnitudes were specific to the main trials, 1145 
rather than the control-choice trials, and were activated in the PCC and rdlPFC, 1146 
respectively. 1147 
 1148 
Exploring the brain network of information processing in the main trials 1149 
The results of the GLM analyses suggested that there were neural activations specific to 1150 
the main trials as well as common to both the main and control trials. In particular, the 1151 
amygdala showed activity when participants were predicting others' choices for making 1152 
one's own decisions, while the mPFC was activated during the main trials for final 1153 
decisions. The PCC and rdlPFC were found to be specific to the main trials and correlated 1154 
with Δmp and Δms, respectively. These findings suggest a possible three-stage process 1155 
from predicting others' choices to self-information (reward magnitudes) and then to actual 1156 
choices. Although this does not rule out the potential for feedback or recurrent processing 1157 
in these computations, it is possible that these activations are part of a cascaded three-1158 
stage process. To investigate this issue further, we examined the temporal aspects and 1159 
functional connectivity of these activations. 1160 
 1161 
Temporal dynamics of neural signals 1162 

To explore the temporal dynamics of the regions identified by significant activations in the 1163 

above GLM analyses, we used temporally separated basis functions and combined them to 1164 

understand their temporal behavior (see “Temporal dynamics of neural signals” in Methods 1165 

for details). We extracted each individual's temporal activations using the best behavioral 1166 

model, and then we collected group-level time courses and their statistics separately for GI 1167 

and II subjects. Figure 4 illustrates the temporal dynamics for GI and II (represented by blue 1168 

and red, respectively) for activations in the amygdala for predicting others' choices, 1169 

activations corresponding to Δmp and Δms in the PCC and rdlPFC, and the mPFC activations 1170 

for making one's own choices. The periods of significant positive activations are indicated 1171 

by asterisks on the top of the figure. We examined the temporal order of the significant 1172 

activation periods, in addition to their overall temporal curves (shown in Fig. 4), for probing 1173 
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the temporal order of the neural processes across different brain regions. Note that the 1174 

analyses are inheritably limited due to BOLD signal temporal resolutions and should not be 1175 

taken as definitive but as suggestive clues. 1176 

First, we observed that the temporal orders of the significant periods were 1177 
qualitatively consistent with the three-stage-like computations suggested earlier (Fig. 4e). 1178 
The average significant periods of the amygdala for predicting others’ choices were 10.87 1179 
s for GI (7.8-9.0 and 11.0-13.4) and 8.2 s for GII (4.6-11.8) (Fig. 4a). We also checked 1180 
those in the mPFC for others’ DVs (not shown) and found a similar pattern, with 11.0 s for 1181 
GI (7.2-14.8) and 6.1 s for GII (−0.2 to 12.4). For self-reward magnitudes, the average 1182 
significant periods of the PCC for Δmp were 10.4 s for GI (9.2-11.6) and 8.9 s for GII (5.4-1183 
12.4) (Fig. 4b), while those of the rdlPFC for Δms were 10.1 s for GII (8.4-11.8) and there 1184 
were no significant periods for GI (Fig. 4c). For final self DVs, the average significant 1185 
period of the mPFC, which occurred later than those periods, was 12.3 s in GI (9-15.6) and 1186 
11.9 s in GII (8.2-15.6) (Fig. 4d). 1187 

We next compared the significant periods between the GI and II groups of subjects. 1188 
The subjects in GII used both primary and secondary differences, whereas the subjects in 1189 
GI only considered the primary difference. Hence, it is conceivable that the subjects in GII 1190 
required more processing to reach their decision than those in GI, thus likely taking more 1191 
time or starting to process earlier before the decision. Our comparison between GI and GII 1192 
was consistent with this view: the timing of the neural processing tended to occur earlier in 1193 
the GII than GI groups (GII vs. GI: for predicting others, 8.2 vs. 10.87 s [amygdala] and 6.1 1194 
vs. 11.0 s [mPFC], for self decisions, 8.9 vs. 10.4 s [PCC] and 11.9 vs. 12.3 [mPFC]), even 1195 
though this observation should be understood only as suggestive due to the limited 1196 
temporal resolution of BOLD signal dynamics. 1197 
 1198 
Interactions of neural signals 1199 

We investigated interactions among the brain regions identified by our GLM analysis for the 1200 

main trials through psychophysiological interaction (PPI analyses). Briefly, in our PPIs, we 1201 

took a physiological seed from an activation of our interest. We defined a psychological seed 1202 

simply as a time period of the DECISION phase (Wunderlich et al., 2012), unless otherwise 1203 

stated. Thus, with these PPIs, we were able to examine whether the activation of our interest 1204 

during a decision had significant functional connectivity with a target activation (i.e., a 1205 

significant coefficient of the second-order term of the physiological and psychological seeds 1206 

in the PPI analysis while regressing out the first-order terms and control variables; Methods 1207 
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for details). Specifically, we examined functional connectivity of amygdala activations with 1208 

PCC activations and with rdlPFC activations; functional connectivity of PCC or rdlPFC 1209 

activations with mPFC activations; functional connectivities in each of both ways between 1210 

PCC and rdlPFC activations. To ensure the robustness of our findings, we conducted similar 1211 

analyses for the decision-making in the control trials. We applied two types of PPI analyses: 1212 

ROI PPI, where the target ROIs were defined by the activations from our GLM results, and 1213 

voxel-wise PPI (at the p = 0.05 level, FWE-corrected), which provided additional 1214 

confirmation of the ROI PPI and visualized activated regions (see Methods for further details). 1215 

Using left amygdala activations as the physiological seed and the DECISION phase 1216 

as the psychological seed, we discovered significantly positive functional connectivity of the 1217 

left amygdala activations with PCC activations during decision-making (ROI PPI, t(47) = 1218 

2.551; p = 0.014; voxel-wise PPI, x = −4.5, y = −46.9, z = 30.8) but significantly negative 1219 

functional connectivity with rdlPFC activations (ROI PPI, t(47) = −4.508; p < 0.001; voxel-1220 

wise PPI, x = 46.3, y = 13.1, z = 35.7). As a control, we compared these PPI effects to the 1221 

corresponding PPI effects in the control-prediction trials (using the left amygdala as the 1222 

physiological seed and the DECISION phase in the control-prediction trials as the 1223 

psychological seed, Fig. 3b, left). We found that the connectivity with the PCC in the main 1224 

trials was significantly higher than that in the control-prediction trials (ROI PPI: main vs. 1225 

control-prediction, t(47) = 3.967; p < 0.001, paired t-test), whereas the connectivity with the 1226 

rdlPFC was significantly lower than that in the control-prediction trials (t(47) = −6.968; p < 1227 

0.001). These results are summarized on the left side of Fig. 5 and in Table 5. Additionally, 1228 

even when replacing the DECISION phase with others' choice probability as the 1229 

psychological seed, we discovered similar patterns of PPI effects: significantly positive 1230 

JN
eurosci

 Acce
pted M

an
uscr

ipt



35 

 

connectivity with the PCC (t(47) = 2.279; p = 0.027) and significantly negative connectivity 1231 

with the rdlPFC (t(47) = −3.376; p = 0.001). 1232 

These results suggest that the neural activations for predicting others' choices in the 1233 

left amygdala are oppositely and significantly correlated with the activations for the primary 1234 

and secondary reward magnitude differences in the PCC and rdlPFC, respectively. Although 1235 

only correlational, this opposition is consistent with the view that the prediction signals in the 1236 

left amygdala would help to balance the processing between the two areas. Neural signals 1237 

in the left amygdala would be heightened when the prediction of others' choices is more 1238 

certain. Given our findings of their positive and negative connectivities on the PCC and 1239 

rdlPFC, respectively, these heightened signals would contribute to an enhanced primary 1240 

reward magnitude difference signal in the PCC and a suppressed secondary reward 1241 

magnitude difference signal in the rdlPFC, resulting in greater reliance on the primary 1242 

difference for decision-making. Conversely, when the prediction is less certain, lowered 1243 

signals in the left amygdala would lead to less emphasis on the signals in the PCC as well 1244 

as less suppression of the signals in the rdlPFC, resulting in more balanced use of both the 1245 

primary and secondary differences. 1246 

Next, using PCC or rdlPFC activations as physiological seeds and the DECISION 1247 

phase as the psychological seed, we found significantly positive functional connectivities of 1248 

PCC or rdlPFC activations with mPFC activations during decision-making (with the PCC: 1249 

ROI PPI, t(47) = 5.186; p < 0.001; voxel-wise PPI, x = 4.5, y = 42.5, z = 4.5; and with the 1250 

rdlPFC: ROI PPI, t(47) = 5.584; p < 0.001; voxel-wise PPI, x = 3.8, y = 43.5, z = 4.6). To 1251 

control for potential confounds, we contrasted these PPI effects with the corresponding PPI 1252 

effects in the control-choice trials (using the same seed regions and DECISION phase in the 1253 

control-choice trials as the psychological seed) and found that the connectivities of both 1254 
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PCC and rdlPFC in the main trials were significantly greater than those in the control-choice 1255 

trials: the PCC (main vs. control-choice trials, t(47) = 3.955; p < 0.001) and the rdlPFC (t(47) 1256 

= 2.699; p = 0.010). These findings, summarized on the right side of Fig. 5 and in Table 5, 1257 

suggest that the activations of both the primary and secondary reward magnitude 1258 

differences in the PCC and rdlPFC would have a positive association with the final decision 1259 

signals in the mPFC. 1260 

Furthermore, we found significantly negative functional connectivity of the PCC 1261 

activations with the rdlPFC activations provided the DECISION phase as the psychological 1262 

seed (ROI PPI, t(47) = −4.137; p < 0.001; voxel-wise PPI, x = 46.4, y = 13, z = 35.8; Table 1263 

5). This connectivity was also significantly lower than that in the control-choice trials (using 1264 

the DECISION phase in the control-choice trials, ROI PPI, t(47) = −4.12; p < 0.001). In 1265 

contrast, we found significantly positive connectivity of the rdlPFC activations with the PCC 1266 

activations (provided the DECISION phase as the psychological seed) in the main trials (ROI 1267 

PPI, t(47) = 2.673; p = 0.010; voxel-wise PPI, x = −4.9, y = −45.6, z = 31.6). However, this 1268 

connectivity was not significantly different from that in the control-choice trials (t(47) = 1.473; 1269 

p = 0.147). These findings suggest that the PCC signals would be associated with 1270 

suppressing signals in the rdlPFC in the main trials. This connectivity is conceptually 1271 

consistent with earlier findings suggesting a suppressive effect of left amygdala activations 1272 

on rdlPFC activations. 1273 

 1274 

Neural processing in individual differences in behavior preferences 1275 
The activation of the rdlPFC was particularly noteworthy because it differed between GI 1276 
and GII subjects who exhibited behavioral differences in their use of Δms to make choices. 1277 
Specifically, the rdlPFC was significantly activated by Δms in GII subjects but not in GI 1278 
subjects, and the coefficient for Δms in GLM was significantly larger in GII subjects than in 1279 
GI subjects (for GI subjects, using Δms in their best-fitting AII model as a GLM regressor; 1280 
see Methods; GII vs. GI, t(41) = 2.092; p = 0.043, independent samples t-test). Therefore, 1281 
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we investigated the relationship between behavioral variations and neural activations. The 1282 
behavioral indicator used was the difference in AIC values between AI and the best-fitting 1283 
AII model (Fig. 2f), which reflects an inclination toward the use of Δms. 1284 

First, we found a significant positive correlation between neural activations in the 1285 
rdlPFC and behavioral indicators for GI and GII subjects combined (Fig. 6a; ρ = 0.337, N = 1286 
43, p = 0.028, Spearman correlation). Second, when analyzed separately for each group, 1287 
the correlation was marginally significant for GII (ρ = 0.346, N = 29, p = 0.066) and not 1288 
significant for GI (ρ = −0.042, N = 14, p = 0.892). As a control, we conducted the same 1289 
analysis with PCC activation for Δmp but found no significant correlation with the 1290 
behavioral indicator for GI and GII subjects combined (ρ = 0.146, N = 43, p = 0.349), within 1291 
GII (ρ = −0.075, N = 29, p = 0.699), or within GI (ρ = −0.266, N = 14, p = 0.357), nor a 1292 
significant difference in activations between the two groups (GII vs. GI, t(41) = 0.686, p = 1293 
0.497). These findings suggest an overall tendency across all GI and GII subjects that 1294 
rdlPFC activations correlate with the behavioral inclination toward the use of the secondary 1295 
value difference. The data points in Fig. 6a indicate very gradual changes across the x-1296 
axis rather than a sharp change. This is consistent with our earlier speculation of a 1297 
behavioral continuum between GI and GII rather than the behavior between two groups 1298 
being two completely separate categories. 1299 

Next, using only GII subjects, we examined the correlation of the behavioral indicator 1300 
with two PPI connectivity effects on rdlPFC. First, using only GII subjects, we replicated 1301 
two PPIs on rdlPFC activations in the earlier analyses with all subjects. The results were 1302 
consistent with the earlier findings. There was significantly negative functional connectivity 1303 
of the left amygdala activation on the rdlPFC activation and significantly negative 1304 
functional connectivity of the PCC on the rdlPFC activation in the main trials (ROI PPI: left 1305 
amygdala, t(28) = −3.199, p = 0.003; PCC, t(28) = −2.824, p = 0.009). Then, using the 1306 
same behavioral indicator, we observed significant positive correlations between the 1307 
behavior preference and both PPI connectivity effects (left amygdala: ρ = 0.400, N = 29, p 1308 
= 0.033, shown in Fig. 6b; also, PCC: ρ = 0.433, N = 29, p = 0.020). As depicted in Fig. 6b, 1309 
subjects who tended to use Δms in their behavior, on the right side of the figure, had a PPI 1310 
effect size by the amygdala near zero, whereas subjects on the left side had a negative 1311 
PPI effect. This suggests that the suppression of the left amygdala on the rdlPFC 1312 
activations was stronger for subjects who did not use Δms in their behavior but was near 1313 
zero for subjects who did use Δms. Furthermore, we also found a significant negative 1314 
correlation between the left amygdala activations for others' choice probability and the 1315 
behavioral indicator (ρ = −0.417, N = 29, p = 0.025). This finding is consistent with the 1316 
previous results and further suggests that the potentially suppressing signals of the left 1317 
amygdala on the rdlPFC tend to be weaker for subjects who tended to use Δms in their 1318 
behavior. 1319 
  1320 
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Discussion 1321 

Using human fMRI experiments, we investigated behavior and neural correlates of 1322 
decision variables in individuals when they predicted others’ choices to make their own 1323 
choice. We demonstrated that they consider not a single choice but multiple predicted 1324 
choices. Specifically, when others’ choices were easy to predict, information from the 1325 
primary valuation—the primary reward magnitude difference—was utilized. When it was 1326 
harder, however, additional information was used from the secondary valuation, the 1327 
secondary reward magnitude difference. The extent of using only the primary or both 1328 
information types varied across individuals and was affected by prediction difficulty. With 1329 
these behavioral findings and computational model-based analysis of BOLD signals, we 1330 
identified three prominent neural correlates: the left amygdala was correlated with others’ 1331 
choice probability; the PCC and rdlPFC were related to the signals for self decisions and 1332 
modulated by the predictions of others’ choices (i.e., primary and secondary reward 1333 
magnitude differences, respectively); and the mPFC was activated for subjects’ own 1334 
choices. 1335 

The left amygdala signals were significantly correlated with the predicted choice 1336 
probability of others. Our findings suggest that the amygdala (left) could be a unique area 1337 
for using prediction to adjust one’s own choices. Several brain areas (amygdala, TPJ, 1338 
STG, and IPL) were significantly activated by others’ choice probability when simply 1339 
predicting others’ choices in the control-prediction trials. However, in the main trials, which 1340 
required use of the predictions for adjusting one’s own choices, only the left amygdala was 1341 
significantly activated. These left amygdala activations are broadly concordant with 1342 
previous social behavior findings: the amygdala was associated with expectations about 1343 
others and social influence generally, such as social attention, emotion recognition, 1344 
interpersonal distance, social rank of faces, and social networks (Adolphs et al., 2005; 1345 
Frith and Frith, 2006; Kennedy et al., 2009; Haruno and Frith, 2010; Baron et al., 2011; 1346 
Bickart et al., 2012; Dal Monte et al., 2015; Kumaran et al., 2016; Wang et al., 2017; Dal 1347 
Monte et al., 2020). Similar signals have been observed in single neurons in non-human 1348 
primates (Grabenhorst et al., 2019; Grabenhorst and Schultz, 2021). 1349 

Here we discuss the scope and limitations of this study using computational model-1350 
based analysis. The strength of the analysis lies in its examination of brain activations with 1351 
key variables of the models or the assumed internal processes. Variable values varied 1352 
across trials with different given information, and the changes were parametrically related 1353 
across the variables in the process. Activations were found that correlated with such 1354 
values of the variables. A parsimonious interpretation would be that an activation 1355 
significant for each variable reflects the variable’s values while such activations together 1356 
correspond to the assumed processes. However, these interpretations require sufficient 1357 
caution. Our univariate analysis found strong activations as chunks but did not search for 1358 
finer-scale, subtle signal patterns, which multivariate approaches might detect (Tamir and 1359 
Thornton, 2018). Our findings are only correlational, as in many fMRI studies, and not 1360 
definitive for the activations encoding/signaling the variable. Our PPI analysis findings are 1361 
also correlational. Given our focus on the key variables and assumed process, we may 1362 
have overlooked other processes occurring simultaneously, such as task readiness or a 1363 
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salience network effect (Seeley et al., 2007; Deco et al., 2015; Uddin, 2015; Tamir et al., 1364 
2016). Our parsimonious interpretations remain open to broader accounts. Generally, a 1365 
task variable is related to a broad account if the account is translated in the task context to 1366 
something sufficiently similar to the variable. However, it is generally unclear whether the 1367 
account or variable should come first, especially if the variable is essential. For instance, 1368 
how are the amygdala activations with others’ choice probability related to the salience or 1369 
emotional response accounts of the amygdala (Adolphs, 2002; Phelps and LeDoux, 2005; 1370 
Seeley et al., 2007; Cunningham and Brosch, 2012)? This probability would correlate with 1371 
subjects’ degree of certainty about others’ actions. The activation signaling the probability 1372 
might underlie uncertainty-related activations in the amygdala or such activations might 1373 
actually underlie this study’s observations. Computationally, a challenge is to develop a 1374 
conceptual and quantitative framework consistently linking broad accounts with various 1375 
concrete decision-making processes in specific contexts and to validate it in fMRI studies.  1376 

We found that PCC and rdlPFC activations significantly correlated with primary and 1377 
secondary value (or reward magnitude) differences, respectively. This finding indicates 1378 
separate neural valuation signals for one’s own decision-making, distinguishing likely and 1379 
less likely cases of others’ choices. We found that mPFC activation significantly correlated 1380 
with the participants’ own decisions in both the main and control trials, regardless of the 1381 
involvement of predicting others’ choices. The mPFC reportedly helps integrate variables 1382 
of social information to generate one’s choices (Amodio and Frith, 2006; van den Bos et 1383 
al., 2013; Smith et al., 2014; Hutcherson et al., 2015; Hill et al., 2017; Fukuda et al., 2019). 1384 
These signals are usually demonstrated as correlates to a single decision variable. In 1385 
actual social environments, however, we often need to consider both likely and unlikely 1386 
choices of others before making choices, which might depend on others’ choices. Our 1387 
findings indicate that such signals correlated with the PCC and rdlPFC activations, apart 1388 
from mPFC activation for final decisions. The separate primary and secondary valuation 1389 
are computed as one’s own value difference given the predicted, primary (more likely) and 1390 
secondary (less likely) choices of others and are correlated with the PCC and rdlPFC 1391 
activations, respectively. 1392 

The PCC is considered to be involved in different stages of the decision-making 1393 
process, such as response for values across tasks and reward modalities (Clithero and 1394 
Rangel, 2014). In social cognition, the PCC was related to theory of mind, empathy, and 1395 
morals (Fletcher et al., 1995; Kanske et al., 2017; Hopp et al., 2023). Recent studies 1396 
emphasized the role of the PCC in situating the self in social interactions (Yeshurun et al., 1397 
2021). In our findings, the PCC signals correlated with one’s own value difference given 1398 
the prediction of others’ more likely choices. Intuitively, this variable is ubiquitous broadly 1399 
for social interactions, suggesting it serves as an essential building block for more complex 1400 
social functions such as those mentioned above. On the other hand, the dlPFC, as part of 1401 
the frontal-parietal executive control system, executes and adjusts decisions (Miller and 1402 
Cohen, 2001; Schmidt et al., 2018). In social cognition, the dlPFC is considered to be 1403 
related to social norms, showing activations and causal modulations in aversive behaviors 1404 
toward unfairness and guilt (Knoch et al., 2006; Baumgartner et al., 2011; Chang et al., 1405 
2011; Nihonsugi et al., 2015; Gao et al., 2018). The secondary value difference in this 1406 
study seems to have a parallel with social norms in modulating choices. The secondary 1407 
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valuation complements the primary valuation, while knowledge of social norms also 1408 
complements a decision, by adjusting one’s own decisions according to the norm. This 1409 
study identified signals of the particular decision variable in the rdlPFC. It would be 1410 
intriguing to study what other kind of social decision variables in clear computational forms 1411 
are related to the rdlPFC and how they may be related to social norms or adjust one’s 1412 
decision-making. 1413 

We also analyzed the functional connectivity and temporal order of the activations 1414 
discussed above. Our findings suggest that the signals in the left amygdala may help 1415 
balance the signals of the two value differences in the PCC and rdlPFC to generate actual 1416 
choices in the mPFC. We found significant functional connectivities of the (left) amygdala 1417 
activations with the PCC and rdlPFC activations. The effects were opposing each other, 1418 
consistent with our assumed processes. When the predicted others’ choice probability was 1419 
high (i.e., easy to predict), the associated amygdala signals were higher. The elevated 1420 
signals would provide stronger support to and suppression of the PCC and rdlPFC, 1421 
respectively, resulting in greater reliance on the primary valuation for the choices. 1422 
Conversely, when the choice probability was low (difficult prediction), the amygdala signals 1423 
were lower, leading to less support and inhibitions to the PCC and rdlPFC, respectively, 1424 
and together resulting in facilitated use of both primary and secondary valuations. We also 1425 
found significantly positive connectivities of the PCC and rdlPFC activations with the 1426 
mPFC activations. Temporally, activations were earlier in the amygdala and later in the 1427 
mPFC and somewhat in the middle in the PCC and rdlPFC, coherent with the assumed 1428 
processes. Taken together, these findings suggest that these signals could form a 1429 
cascade of processing: what choices are likely made by others (left amygdala) are fed to 1430 
weigh the secondary scenario (rdlPFC), in addition to the primary scenario (PCC), and, 1431 
then, the two signals contribute to generate a choice (mPFC), although these interactions 1432 
do not have to be feed-forward only and may involve recurrent interactions, for instance. 1433 

In conclusion, this study explored behavior and neural computations in a situation 1434 
where individuals make decisions while predicting both likely and less likely choices of 1435 
others. Because we consider these to be essential for decision-making when interacting 1436 
with other individuals, we believe that the neural signals identified here will be widely 1437 
applicable across a broad domain of social cognition and may underlie more complex 1438 
social behavior and neural correlates.  1439 
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Legends 1610 

Figure 1. Experimental task 1611 

a. The experimental task consisted of three types of trials, one main trial (cued by a 1612 
rectangle with circle inside at the beginning) and two control trials (control-choice and 1613 
control-prediction trials, cued by a rectangle and a circle, respectively). Subjects were 1614 
instructed to choose between two options, each of which was associated probabilistically 1615 
with rewards, in the main and control-choice trials to maximize their gains and in the 1616 
control-prediction trials to predict another person’s choice. Each option was provided with 1617 
one orientation bar and two numbers in the center at the top and bottom. Reward 1618 
probability was indicated by the orientation of the bar (see panel b) and reward 1619 
magnitudes were indicated by the number. In the main trial, which number at the top or 1620 
bottom indicated the magnitude in a trial was determined by the other’s choice (see panel 1621 
c for details). In the control-choice trial, the number with the same color as the rectangular 1622 
border of the cue would be rewarded. In this example, the cue is red, so the actual reward 1623 
magnitudes were 20 and 40 for the left and right options, respectively. In the control-1624 
prediction trial, the reward magnitudes for others were always the top numbers regardless 1625 
of the color. In this example, this is 20 for left and 60 for right. At the end of each trial, the 1626 
outcome was shown. In this example, the subject chose the right option and was finally 1627 
rewarded in the control-choice trial (indicated by an orange circle, 40 points) and in the 1628 
control-prediction trial (correctly predicted the other’s choice indicated as white circle on 1629 
the right option and received a constant 30 points) but was not rewarded in the main trial 1630 
(indicated by a black cross). All three trial types were interleaved in a block of trials. 1631 
b. Reward probability was sampled from five different probabilities, corresponding to 1632 
different orientations of a bar. Here, in this orientation-probability map, a horizontal bar 1633 
indicated the minimal probability of 20% while a vertical bar indicated the maximal 1634 
probability of 80%. Bars with the three other possible orientations in the middle indicated 1635 
probabilities of 35%, 50%, and 65%, respectively. The white numbers for reward 1636 
probabilities here were not shown in the trials in the experiments, while the tick marks 1637 
around the circle were always shown to help subjects to distinguish the different 1638 
orientations. Different probability maps were set for self and others for a given participant, 1639 
so that the same orientation bar can indicate different reward probabilities for the self and 1640 
others. For details, see “Setting of the bar orientation-reward probability map” in Methods. 1641 
c. In the main trials, others’ reward probability was determined from the orientation-1642 
probability map for others and others’ reward magnitudes were always shown by the 1643 
numbers on top of the two options. Here, from the options in panel a, the numbers were 20 1644 
for left and 60 for right. For self options, for the option chosen by others, the reward 1645 
magnitude used was the bottom number, whereas, for the option unchosen by others, the 1646 
reward magnitude was the top number. Here, if the left option is chosen by others, the self-1647 
reward magnitudes are 40 for left and 60 for right. Otherwise, if the right option is chosen 1648 
by others, the self-reward magnitudes are 20 for left and 40 for right. Therefore, to make 1649 
better decisions for the self, subjects should predict others’ choices and figure out the 1650 
reward magnitude for themselves. 1651 
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 1652 
Figure 2. Behavioral results 1653 

a. Control-choice and control-prediction trials. Subjects’ choices were modulated by the 1654 
corresponding value differences. Left and middle panels: their behaviors were plotted 1655 
against the respective value difference, shown as the mean with standard error across 1656 
subjects. Right panel: the effect size (d’) for detecting the higher values in the left options 1657 
was presented according to the signal detection theory, wherein the bar and error bar 1658 
indicate the means and standard errors, respectively, with dots indicating the d’ of each 1659 
subject (and similarly hereafter). The respective value difference showed significantly 1660 
positive effects (d’ > 0, all p values < 0.001) on their choice behavior in control-choice and 1661 
control-prediction trials, with no significant difference in between (paired t-test on d’, t(47) = 1662 
−0.749, p = 0.457). 1663 
b. Main trials. Subjects made their choices, relying on the use of value differences that 1664 
were appropriate based on their predictions of others’ choices. Subjects’ choices followed 1665 
two value differences for one’s own rewards, as in each panel, plotted against ΔSV(O=L) 1666 
(blue) and ΔSV(O=R) (red), articulated by the value difference for others, as shown across 1667 
three panels, with three trial groups of almost equal sizes sorted by the magnitudes of 1668 
ΔOV. The behavior was differentially well modulated by ΔSV(O=L) and ΔSV(O=R) when 1669 
[ΔOV > 0] and [ΔOV < 0], respectively. All of the values were estimated by the best models 1670 
from the control trials, and the differences were defined by the left minus the right. 1671 
c. Upper: statistics for panel b, effect sizes (d’) of the six plots in panel b are shown, *: 1672 

significant difference between the two effects ([ΔOV < 0], t(47) = −6.954 p < 0.001; [ΔOV > 1673 

0], t(47) = 8.525, p < 0.001). Lower: the differential effects of the two value differences 1674 

(ΔSV(O=L) and ΔSV(O=R)) were manifested through the difference in reward magnitudes. 1675 

Effect sizes (d’) of the difference in reward probability (Δp) and difference in reward 1676 

magnitudes (Δm(O=L) and Δm(O=R)), *: significant difference between the two effects (for 1677 

Δm, [ΔOV < 0], t(47) = −4.983, p < 0.001; [ΔOV > 0], t(47) = 6.067, p < 0.001). 1678 

d. Subject's choices were influenced by both types of the others’ value difference, especially 1679 

when the prediction was difficult. Effect sizes (d’) of primary and secondary value differences 1680 

(pΔSV and sΔSV, upper panel) and primary and secondary reward magnitude differences 1681 

(Δmp and Δms, lower panel) are shown for three subgroups of trials (all trials and the top 50% 1682 

and top 10% of the most “difficult-to-predict” trials). *, significant with one-way repeated-1683 
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measures ANOVA (for sΔSV: F(2,94) = 9.61, p < 0.001; for Δms: F(2,94) = 5.351, p = 0.006); 1684 

n.s., no significant difference. 1685 

e. The fit to the choice behavior in the main trials is shown (AIC values, each of which 1686 
indicates the averaged value across the trials for an individual participant) for the three 1687 
categories of models based on Assumptions I, II, or III (abbreviated AI, AII, and AIII). AI: 1688 
only primary values contributed to behavior; AII: both primary and secondary values 1689 
contributed; AIII: without prediction of others’ choices. Violin plots indicate the distributions 1690 
of all subjects (N = 48), with black and red lines representing the mean and median. To 1691 
indicate each subject in the figure, a symbol was determined based on the best of the 1692 
three models, namely, red “x”, blue “+”, or black “o” if the AI, AII, or AIII model was the 1693 
best, respectively. The same symbol was used for each subject across the three models, 1694 
connected by the line with the same color. Group-wisely, the AI or AII model was 1695 
significantly better for fitting behavior than the AIII model (paired t-test of AIC values: I vs. 1696 
III, t(47) = −7.461, p < 0.001; II vs. III, t(47) = −8.688, p < 0.001) while the AII model was 1697 
better for fitting behavior than the AI model (I vs. II, t(47) = 4.446, p < 0.001). These results 1698 
were from the data of all experiments (fMRI + behavioral), and the same results were also 1699 
found (ps < 0.001) by using only the data from the fMRI experiments. 1700 
f. Left panel: numbers of the subject best fit by each model. Right panel: percent changes 1701 
of the difference in fit between the AI and AII models, sorted across subjects, not including 1702 
subjects who were best fit by an AIII model. We observed a large variation but relatively 1703 
gradual changes across the subjects, suggesting the behaviors were on a continuum 1704 
rather than in distinct categories. 1705 
 1706 
Figure 3. BOLD signals by GLM analysis 1707 

a. Decision signals in the main and control-choice trials. Activations of decision values 1708 
(ΔDV, the value of chosen options minus that of the unchosen ones, extracted by GLM2 1709 
for all Group I-III subjects) were found in the medial prefrontal cortex (mPFC). They 1710 
survived at the FWE-corrected p < 0.05 level, and the same criteria are used in the 1711 
following figures (or stated otherwise). For display purpose, here and hereafter, individual 1712 
voxels in the activation map were first subjected to thresholding at p < 0.005 and then 1713 
blurred at the resolution of anatomic imaging. 1714 
b. Prediction signals in the main and control-prediction trials. Activations of others’ choice 1715 
probability for the chosen options (extracted by GLM3 using Group I and II subjects) were 1716 
found in the left amygdala. Although the activation center in main trials is not visually within 1717 
the left amygdala, the activation volume overlaps the left amygdala by 8 voxels according 1718 
to Talairach coordinates. 1719 
c. Signals for differences in reward magnitudes in the main trial. With GLM1 (using both 1720 
Group I and II subjects for Δmp and using only Group II subjects for Δms), the posterior 1721 
cingulate cortex (PCC) was activated by Δmp, the primary reward magnitude difference 1722 
(chosen vs. unchosen) corresponding to the case in which others chose an option likely to 1723 
be chosen. The right dorsolateral prefrontal cortex (rdlPFC) was activated by Δms, the 1724 
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secondary reward magnitude difference corresponding to the other case in which others 1725 
chose an option unlikely to be chosen. 1726 
 1727 
Figure 4. Temporal dynamics of brain signals 1728 

a. - d. Time course of brain signals in the main trials. For each of the two groups of 1729 
subjects (Group I, blue; Group II, red), the mean and standard error were calculated and 1730 
are shown as solid lines with shadings. Colored asterisks on the upper parts of each panel 1731 
indicate a significant positive difference against zero (one-sample t-test, p < 0.05) for each 1732 
group, while black asterisks indicate the differences between the two groups (independent 1733 
samples t-test, p < 0.05). The origin on the horizontal axis is set as the onset of the 1734 
options. 1735 
e. Significantly positive time periods are summarized for each ROI of each group. The 1736 
colored asterisks in panels a. - d. are shown here as small black dots. Colored diamonds 1737 
indicate the average of all significantly positive times for each ROI. 1738 
 1739 
Figure 5. Functional connectivity by PPI analysis 1740 

Activation maps by voxel-wise PPI are shown here for the functional connectivities of the 1741 
left amygdala with the PCC and the rdlPFC, and of the PCC and rdlPFC with the mPFC, 1742 
overlapped on ROIs generated from GLM activations (Fig. 3), which are shown here as 1743 
yellow backgrounds. For display purposes, the activation identified by voxel-wise PPI is 1744 
shown by an uncorrected p < 0.005, and the significance of the activation is tested using 1745 
small-volume correction (SVC) within the target ROIs at the p < 0.05 level (FWE-1746 
corrected). Bar plots show the ROI PPI results in the main and control trials, wherein * 1747 
indicates significant differences between the main and control-prediction or control-choice 1748 
trials. Left top and left bottom panels are the functional connectivities of the left amygdala 1749 
with the PCC (t(47) = 3.967, p < 0.001, main vs. control-prediction trial) and with the 1750 
rdlPFC (t(47) = −6.968, p < 0.001, main vs. control-choice trial), respectively. Right top and 1751 
right bottom panels are the functional connectivity of the PCC with the mPFC (t(47) = 1752 
3.955; p < 0.001, main vs. control-choice trial) and of the rdlPFC with the mPFC (t(47) = 1753 
2.699, p = 0.010, main vs. control-choice trial), respectively. 1754 
 1755 
Figure 6. Brain signals across behavioral variations in individuals 1756 

a. BOLD signals in the rdlPFC for the secondary reward magnitude difference (Δms) are 1757 
significantly positively correlated with individuals’ behavioral variations assessed by fitting 1758 
variations between the AI and AII models (across all subjects from Group I and II, ρ = 1759 
0.337, N = 43, p = 0.028, by Spearman correlation). Behavioral variations were quantified 1760 
by the AIC value difference between the AI and AII models and are rank-ordered in the 1761 
figure. The rdlPFC signals were extracted from the 6-s to 8-s duration from the onset of 1762 
options, in line with our GLM findings. The same analysis of the signals of the 4-s to 6-s 1763 
duration was also significant (ρ = 0.397, N = 43, p = 0.009), thus confirming the current 1764 
result. 1765 
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b. Because the rdlPFC activations contributed to the use of the Δms, we further 1766 
investigated the relation between behavior and functional connectivities of the rdlPFC in 1767 
Group II subjects. The PPI effect size of the left amygdala with the rdlPFC is significantly 1768 
positively correlated with the individuals’ behavioral variations within Group II subjects (ρ = 1769 
0.400, N = 29, p = 0.033). 1770 
 1771 
Table 1. Results of model selection in the control trials. 1772 

All of these four decision variables had a significantly better fit to the choice behavior than 1773 
chance in both types of control trials. “Predicted accuracy” is shown as the % of the correct 1774 
prediction of the actual behavior in each model, with median [25% and 75% quantiles] 1775 
across 48 subjects. For this, the predicted response, which was set as an option with a 1776 
larger predicted choice probability by the model in each trial, was compared to the actual 1777 
response in the trial. All of the eight cases were significantly greater than chance (ps < 1778 
0.001, Mann-Whitney U test, vs. 50%). The Δm + Δp model was the best for control-choice 1779 
trials and the Δmp model was the best for control-prediction trials. *, p < 0.001; 1, in 1780 
control-prediction trials, n.s. for a comparison between Δm + Δp and Δmp in terms of their 1781 
AIC values (p = 0.391). However, based on their Bayesian information criterion (BIC) 1782 
values, the Δmp model (BIC 0.624 ± 0.213) was significantly better than Δm + Δp model 1783 
(BIC 0.667 ± 0.182), t(47) = 2.526, p = 0.015. Please note that (1) AIC values are 1784 
normalized (divided) by trial numbers and shown as means with standard deviations 1785 
across all subjects (N = 48); (2) the free parameters (β) are omitted from the text but 1786 
applied in the model fitting. For instance, Δm + Δp here represents the model of DV = 1787 
βp×Δp+βm×Δm in the main text. Because we used real others who are relatively rational 1788 
decision-makers, the difference between the self and others’ models, Δm + Δp for the 1789 
control-choice trial and Δmp for the control-prediction trial, suggested that subjects can 1790 
successfully learn to predict others according to others’ behavioral strategy. The above 1791 
results were from the data of all experiments (fMRI + behavioral), and the same results 1792 
were also found by using only the data from the fMRI experiments: the Δm + Δp model 1793 
was the best for control-choice trials (AIC, compared with other models, p values < 0.001) 1794 
and the Δmp model was the best for control-prediction trials (n.s. comparing the Δm + Δp 1795 
with the Δmp by AIC (p = 0.764) but Δmp was marginally significantly better than the Δm + 1796 
Δp by BIC (t(47) = 1.857, p = 0.069). 1797 
 1798 
Table 2. Areas exhibiting significant changes for self decisions and predicting 1799 

others’ choices in BOLD signals by GLM analyses. 1800 

Activated clusters of variables were observed by voxel-wise GLM analysis of BOLD 1801 
signals during the decision phase. p < 0.05, FWE-corrected by permutation testing with 1802 
whole-brain voxels (uncorrected p < 0.001, otherwise detailed in Notes 1 to 5 below). 1803 
Activations by a whole-brain voxel-wise contrast were also analyzed. The stereotaxic 1804 
coordinates are in Talairach space (LPI; see “GLM analysis” for details). BA, Brodmann 1805 
area; k, number of voxels; Hemi, hemisphere. MFG, medial frontal gyrus; SMA, 1806 
supplementary motor area; TPJ, temporoparietal junction. Notes: 1, corrected p = 0.002 1807 
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(FWE correction within the activated ROI of the mPFC in control-choice trials, using an 1808 
initially uncorrected p = 0.01, with signals at time 2-4 s, i.e., from the variant GLM) and a 1809 
corrected p = 0.044 (FWE correction within the whole-brain activation map of the self 1810 
decision value in control-choice trials). 2, signals at time 6-8 s. 3, no significant cluster 1811 
survived with an uncorrected p = 0.005, by FWE correction, either in the whole brain or 1812 
within activation maps for each type of trial or within each ROI. 4, corrected p = 0.022 1813 
(FWE correction within the activated ROI of the mPFC in control-prediction trials, 1814 
uncorrected p = 0.01, signals at time 4-6 s) and corrected p = 0.044 (FWE correction 1815 
within the activation map of others’ decision value in control-prediction trials). 5, corrected 1816 
p = 0.011 (FWE correction within the activated ROI of the amygdala in control-prediction 1817 
trials, uncorrected p = 0.01) and corrected p = 0.047 (FWE correction within the activation 1818 
map of others’ choice probability in control-prediction trials). 1819 
 1820 
Table 3. Areas exhibiting significant changes for self-reward magnitude differences 1821 

in BOLD signals by GLM analyses. 1822 

Activated clusters of variables were observed by voxel-wise GLM analysis of BOLD 1823 
signals (FWE-corrected p < 0.05 by permutation testing). For main trials, an uncorrected p 1824 
= 0.001 was first used and then corrected using whole-brain voxels; Δmp, signals at time 1825 
4-6 s of the decision phase; and Δms, signals at time 6-8 s of the decision phase. For 1826 
control-choice trials, uncorrected p = 0.005, corrected within the activation map of the 1827 
decision value (for self-rewards) during the decision phase. Contrasted activations were 1828 
obtained by using voxel-wise contrast between the main and control-choice trials; FWE-1829 
corrected p < 0.05, for which an uncorrected p = 0.005 was first used and then corrected 1830 
within the union of activation maps (logical “OR”) between the main and control-choice 1831 
trials. No cluster survived for the contrast of control-choice trial > main trial. PCC, posterior 1832 
cingulate cortex; MTG, middle temporal gyrus; STG, superior temporal gyrus; IPL, inferior 1833 
parietal lobule; dlPFC, dorsolateral prefrontal cortex; mPFC, medial prefrontal cortex. 1834 
Note: 1, corrected p = 0.008 using FWE correction within the activated ROI of the PCC in 1835 
the main trial), while we had a corrected p = 0.063 using FWE correction within the union 1836 
map between the control-choice and main trials. 1837 
 1838 
Table 4. Areas exhibiting significant changes for self-reward probability and 1839 

outcome in BOLD signals by GLM analyses. 1840 

Activated clusters of variables were observed by voxel-wise GLM analysis of BOLD 1841 
signals during the decision phase. p < 0.05, FWE-corrected by permutation testing with 1842 
whole-brain voxels (cluster-defining threshold: p < 0.001, otherwise detailed in Notes 1 and 1843 
2). Activations by a voxel-wise contrast for main trials vs. control-choice trials were 1844 
obtained (FWE-corrected p < 0.05, for which an uncorrected p = 0.005 was first used and 1845 
then corrected within the union of activation maps (logical “OR”) between main and 1846 
control-choice trials). No cluster survived for the contrast of main trial > control-choice trial 1847 
for self-reward probability. The stereotaxic coordinates are in Talairach space. Notes: 1, 1848 
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corrected p = 0.004, FWE-corrected within activation maps for self decision values in 1849 
control-choice trials, uncorrected p = 0.005. 2, the corrected p values reported in this table 1850 
were based on the FWE correction within the corresponding ROIs of activations in control-1851 
choice trials (uncorrected p = 0.01) and corrected p = 0.016, 0.100, 0.040, and 0.042 for 1852 
each cluster, if corrected within the activation map for self-reward probability in control-1853 
choice trials. 1854 
 1855 
Table 5. Areas exhibiting significant changes in BOLD signals by voxel-wise PPI 1856 

analyses in the main trial. 1857 

Activated clusters significant at the p < 0.05 level (FWE-corrected) using voxel-wise PPI 1858 
with the SVC at the cluster level by permutation testing within the corresponding target 1859 
ROIs. The rest of the table format is the same as for Table 2. SVC, small-volume 1860 
correction. Note: 1, the cluster of the right dlPFC showed significantly negative activation. 1861 
 1862 
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Table 1. Results of model selection in the control trials. 

DV Δm Δp Δmp Δm + Δp 

Control-choice 

    

Predicted accuracy 73.9[69.9, 

78.3] 

70.5[64.8, 

74.4] 

84.3[80.7, 89.7] 89.8[86.4, 

92.0] 

AIC 1.124±0.162 1.157±0.164 0.716±0.237 0.588±0.194 

Comparison to the 

best model 

t(47) = 16.684 * t(47) = 20.085 

* 

t(47) = 5.521 * Best model 

Control-prediction 

    

Predicted accuracy 69.7[66.9, 

72.8] 

79.3[74.6, 

81.8] 

90.2[87.4, 92.5] 90.2[88.0, 

92.6] 

AIC 1.191±0.119 1.010±0.174 0.568±0.213 0.582±0.182 

Comparison to the 

best model 

t(47) = 17.168 * t(47) = 14.782 

* 

 Best model t(47) = 0.865 1 

 

 



Table 2. Areas exhibiting significant changes for self decisions and predicting others’ choices 

in BOLD signals by GLM analyses. 

    Activated clusters Hemi x y z BA k corrected P 

Self decision value 
       

 
control-choice trial 

       

 

 mPFC LR 1.8 42.8 6.3 10/32 84 0.022 

 

 Insula L -44.9 1.1 1.3 13/22 145 0.006 

 

 Insula R 50.8 -4.2 3.1 13/22 115 0.011 

 

 MTG, STG, IPL L -51.5 -44.7 58.5 22/39/40 336 < 0.001 

 

 MTG, STG, IPL R 55.8 -35.6 18.5 22/39/40 347 < 0.001 

 
main trial        

  
mPFC LR 3.4 42.4 5.7 10/32 36 0.002 1 

  
Insula/Putamen L -28.7 -7.3 11.5 13 118 0.008 

  
Insula R 56 -4.5 10.2 13 54 0.035 

  
MTG, STG L -50.1 -46.5 16.3 22/39/40 237 < 0.001 2 

 

 MTG, STG R 54 -34.8 11.8 22/39/40 86 0.020 2 

 
Contrast of control-choice and main trials     

    No cluster survived at corrected p<0.05 3 

Predicting others, others' decision value 
    

 
control-prediction trial        

  
mPFC LR 0.4 49.4 5.5 10/32 137 0.007 

  
Insula L -39 -0.3 9.4 13/22 209 0.005 



  
Insula R 43.5 -2.9 9.5 13/22 143 0.012 

  
MFG, SMA LR 1.1 -14.8 51.9 6 70 0.033 

  
STG, IPL, TPJ R 57.2 -30.1 20.1 40 189 0.006 

  
Amygdala  L -24.3 -6.4 -11.7 -- 50 0.044 

 
main trial 

       

  
mPFC LR 1.7 47.4 17.3 10/32 40 0.022 4 

 
Contrast of control-prediction and main trials     

    No cluster survived at corrected p<0.05 3 

Predicting others, others' choice 

probability 
     

 
control-prediction trial 

       

  
Insula L -28.7 -5.9 9 13/22 44 0.049 

  
STG, IPL, TPJ R 57 -33.1 20.7 40 51 0.044 

  
Amygdala  L -30 -1.9 -13 -- 119 0.015 

 
main trial 

       

  
Amygdala  L -20.9 -2.7 -11 -- 22 0.011 5 

 
Contrast of control-prediction and main trials     

    No cluster survived at corrected p<0.05 3 

 

 



Table 3. Areas exhibiting significant changes for self-reward magnitude differences in BOLD 

signals by GLM analyses. 

    Activated clusters LR x y z BA k corrected P 

main trial               

 
Primary, Δmp  

       

 

 PCC L -6.5 -27.1 39.7 24, 31 48 0.045 

 

 PCC, Precuneus LR -0.6 -49.6 31.5 7, 31 67 0.031 

 

 MTG,STG, IPL L -46.2 47 32.6 22/39/40 487 <0.001 

 

 STG, IPL R 53.3 -49 29 22/39/40 138 0.007 

 
Secondary, Δms         

  
dlPFC R 46.4 10.5 34.8 9 61 0.029 

control-choice trial, Δmc 
       

  
mPFC LR 2.8 44.3 5.8 10/32 34 0.020 

  
Insula L -50.9 -4.6 -6.7 13 16 0.046 

 

 Insula R 54.8 -8.5 0.7 13 15 0.048 

  
STG, IPL L -50.1 -48.9 18.3 40 74 0.003 

    STG, IPL R 56.5 -40.5 19.9 40 79 0.003 

Contrast of main trial > control-choice trial 
      

 
Δmp vs. Δmc 

       

  
PCC L -5.7 -25.3 -40.7 31 19 0.035 

  
PCC, Precuneus L -9 -49.5 -30.1 31 12 0.008 1  

  
MTG,STG L -42 -52.8 -41.2 40 189 < 0.001 



  
STG R -52.1 -55.4 -30.9 40 54 0.003 

 
Δms vs. Δmc 

       

    dlPFC R 46.2 10 34.8  9 61 < 0.001 

  



Table 4. Areas exhibiting significant changes for self-reward probability and outcome in 

BOLD signals by GLM analyses. 

    Activated clusters Hemi x y z BA k 

correct

ed P 

Self-reward probability 
       

 
Control-choice trial 

       

 

 mPFC LR 1.3 43.2 5.9 10/32 64 0.004 1 

 

 Insula L -45.6 2 4.3 13/22 106 0.014 

 

 Insula R 49.7 -2.4 0.7 13/22 152 0.006 

 

 MTG, STG, IPL 

L -52.9 -45.3 18.6 

22/39

/40 217 0.002 

 

 MTG, STG, IPL 

R 56.6 -34.2 21.8 

22/39

/40 213 0.002 

 
Main trial 2        

  
Insula/Putamen L -49 0.1 5.1 13/22 67 0.004 

  
Insula R 46 -1.6 10.1 13 19 0.033 

  
MTG, STG L -54.1 -43.8 12.3 22/40 40 0.016 

 

 MTG, IPL R 52.9 -25.8 20.4 40 38 0.028 

 
Contrast of control-choice trial > main trials       

 

 Insula R -49.2 -0.5 -7.5 13 20 0.024 

 

 MTG, STG L -50.5 -49 18 40 65 < 0.001 

    MTG, IPL R -58.3 -36.8 23.1 40 85 < 0.001 



 Contrast of main trials > control-choice trial       

  No cluster survived at corrected p<0.05 

Outcome 
    

  
mPFC LR 1.1 45.8 4.6 10/32 123 0.008 

  
Nucleus Accumbens LR -0.5 10.8 -2.9 -- 67 0.03 

    STG R 56.9 -28.2 13.4 41 56 0.039 

 

 



1 

 

Table 5. Areas exhibiting significant changes in BOLD signals by voxel-wise PPI analyses in the 

main trial. 

Seed Target x y z BA k corrected P 

left Amygdala 

      

 

PCC -4.5 -46.9 30.8 31 24 < 0.001 

 

right dlPFC 1 46.3 13.1 35.7 9 43 < 0.001 

PCC 

       

 

right dlPFC 1 46.4 13 35.8 9 37 <0.001 

 

mPFC 4.5 42.5 4.5 10/32 28 <0.001 

right dlPFC 

       

 

PCC -4.9 -45.6 31.6 31 19 <0.001 

  mPFC 3.8 43.5 4.6 10/32 32 <0.001 

 

 

 

 


