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The integration of self-efficacy
and response-efficacy in decision
making

Yun-YenYang & Mauricio R. Delgado™

The belief that we can exert an influence in our environment is dependent on distinct components of
perceived control. Here, we investigate the neural representations that differentially code for self-
efficacy (belief in successfully executing a behavior) and response-efficacy (belief that the behavior
leads to an expected outcome) and how such signals may be integrated to inform decision-making.
Participants provided confidence ratings related to executing a behavior (self-efficacy), and the
potential for a rewarding outcome (response-efficacy). Computational modeling was used to measure
the subjective weight of self-efficacy and response-efficacy while making decisions and to examine the
neural mechanisms of perceived control computation. While participants factored in both self-efficacy
and response-efficacy during decision-making, we observed that integration of these two components
was dependent on neural responses within the vmPFC, OFC and striatum. Further, the dIPFC was
observed to assign importance to self-efficacy and response-efficacy in specific trials, while dACC
computed the trade-off between both components, taking into account individual differences. These
findings highlight the contributions of perceived control components in decision-making, and identify
key neural pathways involved in computing perceived control.
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Perceived control, which refers to the belief that our ability to exert change in the environment will lead to
a desirable outcome, is critical for decision-making. For instance, when COVID-19 vaccines first became
available, people often selected vaccination sites based on convenience, perceived safety, or the vaccine brand,
with some even traveling farther or waiting longer to book at a preferred site. This demonstrates how perceived
control holds inherent value, as individuals are willing to incur costs to exercise control over their vaccination
experience!~>. Conversely, lack of control prompts compensatory behaviors, such as perceiving patterns in noise
or following superstitions to regain a sense of control®’. Decades of research have highlighted the importance
of perceived control in general well-being®, including increasing one’s ability to cope with stress!?, exerting
positive behavior changes!! and improving cognitive performance!>!3. Further, disruptions in perceived control
contribute to psychiatric disorders like anxiety and depression!*!>.

The core concept of perceived control revolves around the idea that individuals must be able to perceive and
identify control within the environment. Researchers utilize diverse methods in experiments, including offering
choices!®!, adjusting task difficulty'®! and controlling performance efficacy’>?!. A common observation
across such studies is increased neural activation in reward-related regions, including the ventral striatum and
ventromedial prefrontal cortex (vmPFC) during anticipation of control or chosen outcomes*>>!°. Furthermore,
higher-level integration of control-related reward and cost computation have been suggested to be represented
in the dorsal anterior cingulate cortex (dACC) as per the expected value of control theory?2.

One limitation of this prior research, however, is that perceived control is often treated as a unitary
concept, neglecting its diverse components. The concept of perceived control can be divided into self-efficacy
and response-efficacy®. Self-efficacy is the belief in one’s ability to perform actions, while response-efficacy is
the belief that certain behaviors lead to desired outcomes. Building on the earlier example of the vaccination
experience, individuals’ decisions to get vaccinated involve distinct considerations of self-efficacy and response-
efficacy.

They assess their belief in the ability to secure a vaccine appointment (self-efficacy) and whether vaccination
would effectively prevent a disease (response-efficacy). Consequently, higher perceptions of both self and
response efficacy enhance the likelihood of achieving the desired outcome.
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A. Task Procedure
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In this paper, we implemented a 3 (self-efficacy) x 3 (response-efficacy) factorial design to quantify these
levels and examine their neural correlates. Briefly, while undergoing functional magnetic resonance imaging
(fMRI), participants played a series of games where they had to hit a moving target (bar game: measure of self-
efficacy) for different probabilities of reward (card game: measure of response-efficacy). Across 3 different tasks,
they were then asked to (a) evaluate stimuli that differed as a function of self-efficacy and response-efficacy
(Rating task); (b) choose whether to play the trial based on the presented self-efficacy and response-efficacy
information (Play task); (c) choose between two different options that differed with respect to self-efficacy
and response-efficacy (Choice task). By manipulating self-efficacy and response-efficacy levels, we derived the
subjective weight participants assigned to each type of information and their decisions. We hypothesized that
neural responses related to self-efficacy might be associated with the subjective value of control (e.g., vmPFC?),
while neural responses related to response-efficacy will be more directly associated with reward-related
responses (e.g., striatum?®). Moreover, given the role of dACC in the computation of control?, we hypothesized
that neural responses related to self-efficacy and response-efficacy computation would be represented in the
dACC, capturing efficacy-related computations, as participants’ higher level of perceived control calculation in
relation to task demands.
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«Fig. 1. Experimental design. (A) Study Procedure: Participants were instructed to complete the surveys
prior to their lab session. Upon arrival at the lab, they proceeded through a series of tasks, including training
sessions, an evaluation period, two rating tasks, a play task, and a choice task. (B) Training sessions: The left
figure displays three distinct target sizes used in the bar game. Participants were instructed to aim for the
target located in the center of the screen using a yellow bar that moved across the screen at a constant speed.
During each trial, a specific target size was presented for participants to focus on. The right figure depicts
three different card decks, each offering varying probabilities of winning the reward (20%, 50%, 80%), with
participants observing the outcome for a specific deck during each trial. (C) Evaluation period: Either the
bar game or the card game was displayed on the screen individually, accompanied by a subjective rating
of regarding the likelihood of successfully hitting the target (self-efficacy) or the card leading to a reward
(response-efficacy). (D) Rating task: Two stimuli were simultaneously presented, and information related to the
subsequent question was provided that directed the participant to focus on one particular stimulus (either self-
efficacy or response-efficacy). A subjective rating of confidence regarding self-efficacy or response-efficacy was
presented afterward similar to the Evaluation period. (E) Play Task: Two stimuli were presented simultaneously
similar to the rating task; however, rather than focusing on a specific stimulus (either self-efficacy or response-
efficacy), participants were asked to integrate both sources of information followed by questions related to
the participants’ choice (whether they would like to play the game) and what they attributed their decisions
to (i.e., the bar or the card). (F) Choice Task: Two “Hit the Target” games were presented simultaneously, and
participants were asked to choose the game they preferred to play after integrating both sources of information.

Results
The objective of the study was to examine how the integration of self-efficacy and response-efficacy contributes to
the formation of perceived control and its impact on decision-making. To accomplish this, we developed a multi-
task experimental procedure where participants learned about self-efficacy and response-efficacy separately via
training, then executed 3 tasks where self-efficacy and response-efficacy information were presented together
(Fig. 1A).

Building self-efficacy and response-efficacy—training sessions and evaluation
To understand how participants processed self-efficacy and response-efficacy information, we independently
manipulated the likelihood of success of self-efficacy and response-efficacy information in a 3x3 factorial
design. Two experimental games were created: the “bar game”, which represented self-efficacy, and the “card
game’, which represented response-efficacy. In the bar game, using the operational definition of self-efficacy
as the belief of an individual in successfully executing a behavior, participants develop their self-efficacy via
repeated attempts to hit a target. In the card game, given that response-efficacy was defined as the belief that
the behavior would lead to the desired outcome, participants learned to associate earning a card with winning
a reward, as the probability of a reward is visually presented in the card (Fig. 1B). The likelihood of success for
self-efficacy and response-efficacy information was manipulated with probabilities set at 20%, 50%, and 80%.
To evaluate the effectiveness of the training, participants completed an Evaluation Period in which they
provided subjective ratings on the likelihood of successfully hitting the target (Bar game) or winning the reward
(Card game) based on the presented stimuli (Fig. 1C). Separate one-way ANOVAs revealed significant differences
in participants’ ratings for both self-efficacy (F (2, 76) =292.83, p<0.001, = 0.88) and response-efficacy (F (2,
76)=160.88, p<0.001, # = 0.81), indicating that participants correctly evaluated the likelihood of success based
on the different levels of self-efficacy and response-efficacy presented (Supplement Figure S2).

Experimental tasks

Following the training (Bar and Card games) and evaluation period, we integrated the bar and card games
into a single task, referred to as the “Hit the Target” game, to investigate the neural basis of self-efficacy and
response-efficacy during the computation of perceived control via 2 tasks presented in the MRI scanner and 1
task presented outside the MRI. In this interactive setting, participants could only earn a monetary reward if they
effectively hit the target with the moving bar (self-efficacy) to win the card, and subsequently, if the card won
(response-efficacy). Each of the three tasks differed slightly in the specific questions posed to participants: (1)
Rating task - Assessing how self-efficacy and response-efficacy independently influence participants’ perceived
confidence in the likelihood of success; (2) Play task - Assessing how integration of self-efficacy and response-
efficacy information influences participants’ decision to carry out an action; (3) Choice task - Assessing the trade-
offs in terms of self-efficacy and response-efficacy by having participants choose between two different “Hit the
Target” games. Taken together, the completion of these tasks allowed for a behavioral and neural measure of how
self-efficacy and response-efficacy are independently processed, how they are integrated neurally, and how this
integration is considered in the computation of perceived control that influences decision-making.

Behavioral and neural patterns in evaluating self-efficacy and response-efficacy

Subjective ratings of self-efficacy and response-efficacy - rating task

The rating task, where self-efficacy and response-efficacy were presented simultaneously (Fig. 1D), was
implemented to assess how participants processed self-efficacy and response-efficacy information. Participants
were directed to focus on only one type of information and provide a confidence rating related to either
successfully hitting the target (if the cue was the Bar game) or the probability of winning the card (if the cue
was the Card game). We observed a significant main effect of self-efficacy on participants’ confidence ratings for
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successfully hitting the target (F (2, 76) =273.74, p<0.001, # = 0.88) and a significant main effect of response-
efficacy on participants’ confidence ratings for winning the reward based on the presented card (F (2,76) =129.98,
p<0.001, 7 = 0.776; Fig. 2A). These results support the effectiveness of the experimental design in conveying
different levels of self-efficacy and response-efficacy that can impact decision-making.

Neural representation of self-efficacy and response-efficacy

Using multi-voxel pattern analysis (MVPA) as our primary approach, our initial aim was to uncover task-
specific neural patterns capable of distinguishing between self-efficacy and response-efficacy conditions during
the rating tasks. We observed distinct neural representations in the JACC (Brodmann’s Area (BA) 24/32; peak
z-stats=5.08 at MNI: x, y, z=—2, 22, 38, cluster-corrected p<0.05, 677 voxels) and mPFC (BA10/32; peak
z-stats=3.88 at MNI: x, y, z=2, 46, 12, cluster-corrected p <0.05, 147 voxels) at the onset of the trial when the
stimuli and cue regarding what to focus on were presented. This suggests that at the multi-voxel level, the JACC
and mPFC exhibit distinct activation patterns associated with participants’ attention shifts as a function of self-
efficacy and response-efficacy information (Fig. 2B).

Following the observation that the dACC and mPFC represented task-specific information, we sought to
investigate whether there were brain regions that exhibited linear correlations in a manner similar to participants’
behavior regarding the different levels of self-efficacy and response-efficacy. Given that we hypothesized that
neural responses related to self-efficacy might be associated with the subjective value of control, represented
in the vmPFC®, while neural responses related to response-efficacy will be more directly associated with a
reward response, represented in the striatum®, we performed two GLM analyses (Methods: GLM-1 and GLM-
2) to examine the linearity representation in vmPFC and striatum. We conducted region of interest (ROI)
analyses focusing on the vmPFC and striatum, utilizing a meta-analytic contrast of brain responses associated
with the valuation network and subjective value?. To strengthen the reliability of the findings, we employed a
permutation analysis with 50,000 iterations to better assess statistical significance across our selected ROIs. The
results revealed that neural activity in the right vmPFC exhibited a significant positive correlation with varying
levels of self-efficacy (p=0.0423). Conversely, the striatum demonstrated a significant positive correlation with
response-efficacy information (p=0.004). These findings suggest a potential distinct representation for self-
efficacy and response-efficacy in vmPFC and striatum, respectively.

To rule out the possibility that results from the rating task were solely driven by reward probability, we
performed supplementary ROI analyses on the vmPFC and striatum during the evaluation period that occurred
during training, where participants assessed the likelihood of success for each piece of presented information. We
also employed permutation analysis to ensure the reliability in the findings. In contrast to the rating task, however,
no significant effects were observed in the right vimPFC region (self-efficacy: p=0.6887), nor in the striatum
region (response-efficacy: p=0.2032) during the evaluation period. We then conducted a direct comparison
between neural activity in the evaluation and rating tasks across both ROIs. The analyses revealed that vmPFC
activity was significantly greater during the rating task compared to the evaluation period with respect to self-
efficacy (p=0.0483). Similarly, we found increased striatum activity during the rating task compared to the
evaluation period concerning response-efficacy (p=0.0156). These results suggest that the activity observed in
the rating task cannot be attributed to the likelihood of obtaining a reward, instead representing self-efficacy and
response-efficacy information.
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Fig. 2. Results in the rating task: (A) Behavioral: Participants reported greater confidence ratings under the
high self-efficacy and response-efficacy levels. In contrast, they reported having the lowest confidence while
the self-efficacy and response-efficacy were low. Error bars represent one SEM (***p <0.001). (B) MVPA: The
neural activation in dACC and mPFC exhibit distinct activation patterns associated with participants’ attention
shift in self-efficacy and response-efficacy information, guided by the cue information (Question: Target vs.
Question: Card). This process involved focusing on one stimulus and evaluating the associated confidence
while two stimuli were presented simultaneously.
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Integration of self-efficacy and response-efficacy and the subsequent decision

Behavior - play task and choice task

In light of the result from the rating task, an important remaining question is how the integration of self-
efficacy and response-efficacy information contributes to the formation of perceived control and its impact on
human decision-making. To characterize the precise nature of self-efficacy and response-eflicacy integration, we
conducted two tasks to investigate this integration process. First, participants performed the play task, where
they were presented with both self-efficacy and response-efficacy information simultaneously and were asked to
make decisions on whether they wanted to play the Hit the Target game presented on the screen (Fig. 1E). This
required them to integrate both self-efficacy and response-efficacy information. A 3 (self-efficacy) x 3 (response-
efficacy) ANOVA revealed significant main effects of both self-efficacy (F (2, 74) =140.89, p<0.001, # = 0.79)
and response-efficacy (F (2, 74)=90.176, p<0.001, n = 0.71; Fig. 3A) and no interaction (F (4, 148)=1.2388,
p=0.2970, n = 0.03), suggesting that decisions to play were informed by both self-efficacy and response-efficacy
information.

In addition to the play task, which assessed participants’ decisions to engage in a specific action (Play or
Not Play), participants also performed the choice task where they weighed self-efficacy and response-efficacy
information when making decisions. In this task, participants were instructed to choose between two gameplay
options, and computational modeling was employed to analyze their subjective weighting on self-efficacy and
response-efficacy information. Each option included both a bar and card game that varied with respect to the
probability of success, and participants chose the preferred option they would like to execute. Logistic regression
analysis and maximum likelihood estimation were conducted on participants’ trial-by-trial choice to examine
the subjective weight participants assigned to each piece of information when making decisions (Methods -
Behavioral Analyses: Choice task).

We examined participants’ choices using four different models. If participants only consider self-efficacy
information (completely ignoring response-efficacy information), the subjective weight participants assign to
response-efficacy (w rr) would be 0 (Self-efficacy-only Model). Conversely, if participants completely ignored
self-efficacy information (Only considering response-efficacy information), the subjective weight participants
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Fig. 3. Results in the play task: (A) Behavioral: Participants’ decisions regarding whether to play the game
or not were influenced by both self-efficacy and response-efficacy. Error bars represent one SEM. (B) MVPA:
The neural activation in vmPFC, OFC and ventral striatum exhibit distinct activation patterns associated
with participants’ decision in executing the behavior, the choices to play or not play the game indicated

by participants. (C) The neural activation in dIPFC exhibits distinct activation patterns associated with
participants’ decision attribution, as indicated by participants’ self-reports regarding the factors driving their
choices.
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assign to self-efficacy (w sg) would be 0 (Response-efficacy-only Model). The integrated model considered
both self-efficacy and response-efficacy information, and the Expected Value model further incorporated the
expected value of the options into the subjective value estimation. The results indicated that it was the integrated
model that considered both self-efficacy and response-efficacy information to predict participants’ decision-
making behavior that yielded the best performance (Table 1). However, there was no significant difference found
between the weights assigned to self-efficacy and response-efficacy (p=0.5187). A supplementary analysis that
combined the behavioral data from both the play task and the choice task indicated that the subjective value of
each option in the play task, estimated using the integrated model, effectively anticipated participants’ decision
outcomes (r=0.353, p <0.001; Supplement Figure S4). These results suggest that the integration of self-efficacy
and response-efficacy had an impact on shaping participants’ perceived control and influenced their decision-
making processes.

Decision and attribution dependent neural representation

By utilizing multi-voxel pattern analysis (MVPA), our primary goal within the play task was to reveal two distinct
neural patterns. First, we aimed to explore decision-specific neural patterns capable of distinguishing participants’
choices regarding their willingness to engage in the game. This decision-specific signal would pinpoint the
brain region responsible for representing the integrated signals that calculate self-efficacy and response-efficacy
information for decision-making. Second, we aimed to identify attribution-specific neural patterns that could
distinguish participants’ attributions related to their decisions, specifically, which information influenced their
choices. This attribution-specific signal would denote the brain regions responsible for representing the control
allocation signal, indicating the information participants used in their decision-making.

For the first analysis, we measured the decision signal by examining the neural activity associated with
participants’ choices to play or not play the game. We observed decision-dependent neural representations in the
vmPFC (BA 25; peak z-stats=4.12 at MNI: x, y, z=0, 28, -6, cluster-corrected p <0.05, 54 voxels), OFC (BA 11;
peak z-stats=3.94 at MNI: X, y, z=—24, 42, -14, cluster-corrected p <0.05, 98 voxels), and ventral striatum (peak
z-stats=4.37 at MNI: x, y, z=— 14, 22, -8, cluster-corrected p <0.05, 66 voxels) during the presentation of stimuli,
successfully distinguishing participants’ Yes and No choices (Fig. 3B). For the second analysis, we assessed the
attribution signal through participants’ self-reports regarding the factors influencing their decisions. Specifically,
after indicating whether they wanted to play, participants explained their reasoning, allowing us to measure how
they attributed their choices to information about either the bar or the card. We observed attribution-dependent
neural representations in the dIPFC (BA 8/9; peak z-stats=3.78 at MNL: x, y, z=26, 36, 42, cluster-corrected
p<0.05, 27 voxels) during the presentation of stimuli. This analysis successfully differentiated participants’
attributions regarding their decisions based on the self-efficacy or response-efficacy information (Fig. 3C).
Taken together, the findings suggest that, at the multi-voxel level, the vmPFC, OFC and ventral striatum exhibit
distinct activation patterns associated with participants’ decisions to play or abstain from playing the game,
while the dIPFC displays distinct activation patterns associated with participants’ attributions of their decisions
to self-efficacy and response-efficacy information.

Exploratory analysis: linking participants’ choice behavior with neural representations and individual differences
Building on previous research highlighting the involvement of the dorsal anterior cingulate cortex (dACC) in
computing the expected value of control*, we aimed to further investigate how neural activity in the JACC
relates to each participant’s decision-making behavior. Here, we distinguish between two forms of control:
cognitive control, which encompasses executive functions like attentional and behavioral regulation?*, and a
broader notion of control related to efficacy—specifically, participants’ beliefs in their influence over outcomes,
operationalized as self-efficacy and response-efficacy?’. Given the dACC's established role in the expected value
of control computation, we hypothesized that neural responses associated with self-efficacy and response-
efficacy computations would localize within the dACC, reflecting participants’ perceived control and adaptive
adjustments in line with task demands. To achieve this, we applied our Integrated model during the choice task to
probe how individual differences in participant’s achievement motivation®’, and trait self-efficacy perceptions?’
as well as the neural processing within the dACC during the rating task, contributed to participants’ subjective
emphasis on self-efficacy and response-efficacy information.

Using mediation analysis with bootstrapping via the M3 mediation toolbox***’, we conducted two
exploratory analyses to investigate the mechanisms by which individual differences influence participants’
relative subjective weighting of self-efficacy and response-efficacy, mediated by dACC activity during the rating
task. With motivation and cognitive control exhibiting a strong correlation®’, the initial analysis concentrated
on investigating the connection between participants’ achievement motivation®®, dACC activity differences

28,29

Model BIC improvement by the integrated model
Integrated model -

Self-efficacy-only model —48.07 [-118.38 2.22]***
Response-efficacy-only model | —53.52 [-97.42 —10.96]***

Expected value model —3.0795 [-4.63 7.69]*

Table 1. BIC of behavior models. Values are shown as median with interquartile range [IQR]. A negative value
means that the Integrated model performed better than the alternative model. Significance was tested by a sign
test. *p <0.05, *p<0.01, **p<0.001.
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Fig. 4. The association between individual variances, encompassing mastery-approach goals and general
self-efficacy, and participants’ neural representations alongside their decision-making behavior. (A) Indirect
effects model for mastery-approach goal, dACC activity difference and individuals’ relative weight on choice.
Participants’ mastery-approach goal score was indirectly related to participants’ relative weight assigned to
self-efficacy and response-efficacy during choice through dACC activity differences. (B) Participants’ general
self-efficacy was positively correlated with participants’ weighting trade-off while making decisions. Each point
represents one participant. The red line represents the regression line and the shaded area represents the 95%
confidence interval.

estimated from GLM2, and participants’ relative weight assigned to self-efficacy and response-efficacy while
making decisions. Recognizing the impact of individual disparities in achievement motivation on decision-
making processes is imperative for comprehending how goal orientation influences cognitive strategies,
particularly in shaping perceived control. There was no significant association between mastery-approach goal
score and dACC activity difference (f = 3.62, p=0.0987). However, a significant relationship was observed
between dACC activity difference and weighting difference ( = 0.02, p=0.0001). Bootstrapping analysis with
10,000 simulations confirmed that the indirect effect between mastery-approach goal and weighting differences
through dACC activity difference was statistically significant (§ = 0.07, p=0.00307; Fig. 4A). No direct effect
was found between mastery-approach goal and weighting difference, regardless of whether the dACC activity
was included in the model ( = -0.07, p=0.8293) or not (8 = 0.01, p=0.8549). With mastery-approach goal
reflects an individual’s focus on developing competence and mastering new skills or knowledge, high scores
indicate a strong orientation towards learning, improvement, and self-development. These findings highlight
how mastery-approach goal, which drives individuals towards mastery and improvement, indirectly affects the
subjective weighting differences between self-efficacy and response-efficacy during decision-making through
the disparity in dACC representation of self-efficacy and response-efficacy information.

Given that overall perceived control may play a part in participants developing context-dependent perceived
control®, we proceed to further investigate whether dACC serves as a similar function in mediating the
relationship between individuals’ trait self-efficacy?” and participants’ weighting differences. The general self-
efficacy measure refers to one’s belief in their capacity to achieve goals and tackle challenges, and understanding
how it impacts individuals’ formation of perceiving control on decision-making processes can provide valuable
insights into nurturing resilience and effective coping strategies. We identified a noteworthy total effect between
general self-efficacy and weighting difference (8 = 0.38, p=0.0033), along with a significant coeflicient between
dACC activity difference and weighting difference (8 = 0.02, p=0.0001). Adding the dACC activity differences
in the model strengthen the direct effect of general self-efficacy on weighting disparities (f = 0.41, p=0.0011).
However, no indirect effect between participants’ general self-efficacy and weighting difference through dACC
activity was observed (8 = -0.03, p=0.8731). Subsequently, we conducted a regression analysis to examine the
correlation between behavior weighting and the two variables. Three regressors were included: participants’
general self-efficacy scores, dACC activity difference, and an interaction term between perceived self-efficacy
trait and brain activity. The robust linear regression revealed significant main effects for both participants’
general self-efficacy (P=1.2139, SE=0.5369, t (34)=2.2608, p=0.0303; Fig. 4B) and the differences in dACC
activity (3 =1.2498, SE=0.5531, t (34) =2.2595, p =0.0304). However, no significant interaction effect was found
(B=-0.1034, SE=0.5515, t (34) = -0.1874, p=0.8525). These findings suggest that participants’ subjective weight
assignment to self-efficacy relative to response-efficacy was primarily influenced by their general self-efficacy
and the disparity in dACC activity.

Discussion

In this study, we examined the influence of self-efficacy and response-efficacy on the computation of perceived
control and its subsequent impact on decision-making. We created novel tasks to systematically manipulate the
levels of self-efficacy and response-efficacy. Participants’ confidence in successfully hitting the target increased
with the self-efficacy level, while confidence in winning the reward based on the presented card increased
with the response-efficacy level. Thus, participants take into account both self-efficacy and response-efficacy
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information while making decisions. The results are consistent with prior reports which highlight a preference
for control, often referred to as a “control premium”!~*°. The integration of these two types of information
involved neural responses within the vmPFC, OFC, and ventral striatum, while the dIPFC was associated with
attributing which factor was most important during decision-making. Finally, the dACC was observed to be
critical in computing the trade-off between self-efficacy and response-efficacy information after considering
individual differences in their achievement motivation.

In the rating task, the vmPFC was engaged when participants reported different levels of self-efficacy,
suggesting its involvement in processing self-related beliefs. This is consistent with prior findings implicating
the vmPFC in perceiving and exercising control*'*? and computing the subjective value of control®. Our
findings support the notion that the representation of controllability in the vmPFC is closely tied to an
individual’s internal self-belief, specifically their self-efficacy, which was manipulated by task difficulty in this
study. Consistent with previous findings, perceived task difficulty has been shown to negatively correlate with
perceived control, whereby increased difficulty reduces self-efficacy by shaping performance expectations'®.
Easier tasks tend to enhance self-efficacy by boosting the likelihood of success, while harder tasks lower it by
raising the probability of failure. Given that task difficulty operates as a cost factor within the expected value
of control framework?, we structured the design to treat self-efficacy as an independent measure, separate
from effort-related considerations. In the task, participants only rated their confidence, without engaging in
performance-based responses. This approach allowed us to capture self-efficacy as a self-referential belief, rather
than as a function of effort mobilization or aversion—factors typically engaged during active task performance,
as discussed in motivational intensity theory*»*. This design minimizes the potential confounding effects of
perceived effort costs, focusing specifically on self-efficacy as a standalone construct.

On the other hand, the striatum was found to be engaged when participants processed different levels of
response-efficacy, potentially representing the anticipated reward outcomes of the card. This suggests that
perceived control, especially response-efficacy, may act as a motivational magnet, with variations in dopaminergic
transmission expected to positively correlate with the promotion of approach behavior and response vigor™.
Prior studies have provided support for this idea by demonstrating that individuals with a greater sense of
control exhibit higher striatal dopaminergic levels*” and engage in more control-seeking behavior. Moreover,
corticostriatal circuits have been implicated in the association between performance contingency and perceived
control®®. These findings highlight the potential significance of dopamine levels and corticostriatal activity in
explaining individual differences in control-seeking and control-exerting behaviors. Our study adds to these
previous findings and provides further evidence that the representation of controllability in the striatum is
closely tied to an individual’s perceived performance contingency, particularly their response-efficacy.

Importantly, our experimental design incorporated two distinct trial types (self-efficacy and response-
efficacy) within the rating task. Participants were instructed to concentrate on one attribute during each trial,
facilitating the exploration of neural activations linked to shifts in attentional focus on either self-efficacy or
response-efficacy. The dACC and mPFC were engaged when participants were directed to different trial types.
Specifically, the neural activity pattern observed in the dACC and mPFC effectively discriminates the information
participants were prompted to concentrate on, indicating their involvement in processing attention-dependent
task signals. This aligns with prior proposals suggesting that the dACC is associated with functions such as
conflict monitoring>»® and, along with the mPFC, attentional control*!*2. Our study extends these findings,
demonstrating that dACC and mPFC play a role in attentional competition under perceived control context.

We further utilized two new tasks to explore the behavioral and neural representation of integration self-
efficacy and response-efficacy and their impact on decision-making. In the play task, participants evaluated one
game with independent self-efficacy and response-efficacy levels to determine whether to engage in a specific
action (i.e., “play” the game), revealing influences of both self-efficacy and response-efficacy on decisions. Next,
in the choice task, participants selected one game to play from two possible options after assessing self-efficacy
and response-efficacy information for each option. Computational modeling revealed the integration of self-
efficacy and response-efficacy in decision-making. Furthermore, combining data from both tasks showed that
the subjective value, estimated using the integrated model, accurately predicted decisions in the play task. Taken
together, these findings underscore the critical role of integrating self-efficacy and response-efficacy in shaping
perceived control and decision-making processes.

Next, we probed how the brain represents the integration of self-efficacy and response-efficacy information.
The play task featured two distinct questions that participants had to assess each trial: 1- play the game or not); 2-
specify what they attributed their decision to (self-efficacy or response-efficacy). We observed the involvement
of reward-processing regions for executing a behavior (to play or not). Specifically, regions included the vmPFC
and OFC, recognized for their role in encoding the subjective value of offered goods**~** and the ventral striatum,
associated with a subjective preference for control?. Furthermore, dIPFC is involved when participants attributed
their choices to self-efficacy or response-efficacy. Considering the proposed role of the dIPFC in control
implementation*! and conflict monitoring theory, this finding posits its involvement in resolving conflicts at
the response level*®. However, it is important to acknowledge the intricacies of the attribution process, and
that participants’ decision-making rationale may be influenced by positive factors supporting their current
choice or negative factors guiding them away from alternative options. Hence, while these findings collectively
suggest that the decision-making process for executing an action is shaped not only by the reward-processing
regions, such as the vmPFC, OFC, and ventral striatum but also by the dIPFC, potentially serving as the control
allocation area attributing decisions to either self-efficacy or response-efficacy information, future studies on the
attribution process are warranted.

Finally, we performed two exploratory analyses to examine individual differences in the relationship between
neural computations and behavioral choices. We considered the established role of the dACC in motivating
effortful behavior, behavioral flexibility, and monitoring control signals*#*”#¢, According to the expected value
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of control theory, decisions are made by weighing the costs of exerting control against the anticipated rewards?2.
This theory incorporates perceived control into the analysis of effort allocation, with higher perceived control
leading to increased effort**-5!. This overall value assessment is processed in the dACC, which integrates cost-
benefit analyses for control allocation?**°. Based on this theoretical framework, we hypothesized that neural
responses in the dACC would reflect a higher-level perceived control calculation responsive to task demands,
specifically relating to subjective weight trade-off between self-efficacy and response-efficacy computations. We
utilized two individual difference measures—achievement motivation?® and general self-efficacy?’—selected
from a preliminary set of five questionnaires administered during the pre-session assessment. We selected
the measures due to observed high collinearity among the general self-efficacy and other scales, which helps
enhance clarity and interpretability while minimizing redundancy. The general self-efficacy was prioritized
for further analysis, given its notable correlations with other constructs: the Attentional Control Scale®? (ASC;
r=0.5141, p<0.0001), the Desirability of Control Scale®® (DCS; r=0.3891, p=0.0158), and the Locus of Control
Scale’* (LCS; r=0.3069, p=0.0609). Therefore, we only selected the achievement motivation scale and general
self-efficacy in our exploratory individual differences analysis. We observed an indirect effect of dACC neural
representation on the relationship between individuals’ mastery-approach goals and their behavioral trade-ofts
between self-efficacy and response-efficacy. Additionally, we observed that neural representation in the dACC,
and individual differences in the general trait of self-efficacy, effectively predicted participants’ behavioral trade-
offs on self-efficacy and response-efficacy. These trade-offs refer to the differential subjective weights participants
assigned to their subjective control in the sense of efficacy, self-efficacy and response-efficacy. Given that mastery-
approach goals signify a desire to achieve deep understanding and self-improvement, while general self-efficacy
indicates confidence in overcoming challenges, these findings align with the expected value of control theory?,
suggesting that the dACC is involved in the higher-level computation of control-related rewards, and highlight
the significance of individual differences in this process. Although it should be noted that we utilized the ACC
area from the automated anatomical atlas (AAL>) as a ROI mask to assess the computation of self-efficacy and
response-efficacy which encompasses a broader region of dACC.

Our study emphasizes the importance of the relationship between ACC activation and individual differences
in general perceived self-efficacy and mastery-approach goal, influencing participants’ decisions. Specifically,
the ACC in general serves as a potential computational signal for processing self-efficacy and response-efficacy
information during decision-making after accounting for individual differences. Nonetheless, replication is
necessary to confirm these intriguing results.

While the results are promising in terms of further understanding the mechanisms underlying perceived
control, there are some limitations to the current investigation that are worth discussing. First, this study
manipulated task difficulty to represent the level of self-efficacy and reward contingency to signify the level
of response-efficacy and captured these variables using behavioral and fMRI measures. However, the complex
nature of perceived control calls for adopting a comprehensive multi-methodological approach, including
physiological measures like pupil dilation and real-world behavioral observations such as ecological momentary
assessment, to enhance the precision of examining self-efficacy and response-efficacy. Moreover, in simplifying
the task, two approaches were employed. First, participants acquired self-efficacy as implicit information, while
response-efficacy was provided explicitly. Previous studies have suggested that implicit learning and explicit
learning may differ during decision-making processes®®*’. Therefore, investigating how the formation of self-
efficacy and response-efficacy using both implicit and explicit approaches affects the integration process and
subsequent decisions would provide valuable insights for future studies. Second, to mitigate potential confusion
and cognitive load for participants, information about the bar and card games were consistently presented in
the same location throughout the task. Although the current data cannot assess multivariate patterns related to
location, existing studies suggest that spatial attention is primarily represented in parietal regions®®>, rather
than in the dACC and vmPFC regions identified in our findings. Future research could address this limitation
by varying the spatial locations of the two pieces of information to further explore the impact of location on
multivariate patterns in this task.

Finally, our study primarily focused on healthy individuals, but has important implications for clinical
populations with prevalence of control loss in psychopathologies like addiction, post-traumatic stress disorder,
and depression®-%2, The distinctive feature of addiction, marked by the inability to resist addictive substances®,
emphasizes the need to explore perceived control components in decision-making processes. Further, issues
with perceived control are an important characteristic of patients afflicted with depression®. Examining the
different components of perceived control and their influence on decision-making provides valuable insights
into the mechanisms underlying perceived control and identifies potential avenues for psychotherapeutic
intervention in conditions characterized by deficits in this domain. Furthermore, considering the widespread
impact of perceived control on general well-being and decision-making, a nuanced understanding of how self-
efficacy and response-efficacy interact to shape individuals’ decisions can enhance our comprehension of how
perceived control influences choices, coping strategies, and overall psychological health. This knowledge can
guide the development of more effective strategies to improve decision-making and adaptive behavior across
diverse contexts.

Methods

Participants

A total of 42 healthy (24 female and 18 male; mean age: 24.5; SD: 6.7), right-handed participants were recruited
from Rutgers University-Newark and the broader Newark community. Participants received $45 for the fMRI
study and a $5 bonus based on performance in the experiment. Participants had no history of psychiatric and
neurological illness. Criteria for ineligibility to participate in the experiment included ferromagnetic materials
in the body, claustrophobia, and/or suspected pregnancy. All methods were carried out in accordance with
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relevant guidelines and regulations. All experimental protocols were approved by the Rutgers University
Institutional Review Board. Written informed was obtained from all subjects. Two participants were removed
from subsequent behavioral and neural analyses due to extreme head movement in MRI. Additionally, one
participant was excluded from the play and choice tasks only due to equipment failure. Final analysis was
therefore conducted on 39 participants.

Questionnaires

To explore individual differences in controllability and attention, participants completed 5 pre-session
questionnaires, including the General Self-Efficacy Scale (GSE?), Locus of Control scale (LCS*), Desirability of
Control Scale (DCS>3), Attentional Control Scale (ASC>?), Achievement Goal Questionnaire (AGQ-R?%; GQ%).

Experimental design

To probe how participants integrate self-efficacy and response-efficacy information to shape one’s perception of
control and make decisions, two experimental games were designed: the bar game and the card game focused
on self-efficacy and response-efficacy, respectively. Participants first underwent two training sessions and
one Evaluation Period with the goal of learning self-efficacy and response-efficacy information. Second, they
executed 3 tasks where self-efficacy and response-efficacy information was presented together in the same order
(1) Rating task; (2) Play task; (3) Choice task.

All computerized tasks were coded and presented using PsychoPy®® and behavioral responses were recorded
using either a laptop or an fMRI-compatible button box. Participants received points throughout the experiment
as rewards. At the end of the experiment, the points were converted to a monetary reward bonus ($0-5). Below,
we discuss the experimental procedures in more detail.

Training sessions and evaluation

Participants first completed two training sessions outside the fMRI scanner to learn self-efficacy and response-
efficacy information, respectively. They underwent another two training sessions inside the fMRI scanner to
validate the training and an Evaluation period where they assessed training success.

Self-efficacy training - bar game Rationale: The “bar game” was a visual-motor task designed to manipulate
self-efficacy, defined as the belief in successfully executing a behavior. Participants developed their self-efficacy
by attempting to hit a target throughout the training session (see Fig. 1B).

Procedure: The game consisted of 60 trials, each presenting a target of varying size in the center of the screen
along with a yellow bar moving at a constant speed. Participants were instructed to hit the target with the yellow
bar by pressing a button. Successful execution of the behavior would lead to a reward of 5 points. Three different
target sizes (10, 20, and 30 pixels) were used during the training session to establish the relationship between self-
efficacy and target size. Participants learned that larger target sizes increased the probability of hitting the target,
thereby enhancing their confidence in successfully executing the behavior. At the conclusion of this training
phase, participants were probed about their estimated likelihood of success for each target size. The position
of hits across all training trials was utilized to estimate each participant’s unique motor uncertainty. Based on
previous literature, the distribution of participants’ distances from the endpoint to the target approximated an
isotropic bivariate Gaussian distribution®”. We quantified the level of self-efficacy by estimating the standard
deviation (SD) of this distribution for each participant®. In the subsequent tasks, target sizes were adjusted for
each participant to achieve specific hit rates (20%, 50%, 80%). To validate this, participants completed a second
self-efficacy training consisting of another 60 trials with three adjusted target sizes in the fMRI before scanning.

Response-efficacy training - card game Rationale: The card game was designed to represent information about
response-efficacy, defined as the belief that behavior itself will lead to an expected outcome. The probability of
receiving a reward was visually displayed on the presented cards (see Fig. 1B).

Procedure: Participants observed 60 trials of outcomes from three different decks of cards, each deck
representing a reward probability of 0.2, 0.5, and 0.8 as shown on the card draw. Each deck was presented in
separate blocks. There were 30 trials conducted outside the MRI and another 30 trials inside before the scanning
started. In each trial, participants observed the result of a card draw from one of the decks, without making any
decisions. They received 5 points if the drawn card indicated a reward; otherwise, they received 0 points. At the
conclusion of the response-efficacy training phase, participants were asked to estimate the likelihood of winning
for each deck based on the probabilities they observed.

Evaluation period (Fig. 1C) Rationale: Participants evaluated the likelihood of success associated with a pre-
sented bar or card game. Since we manipulate the levels of self-efficacy and response-efficacy with probabilities
set at 20%, 50%, and 80% for each type of information, it is essential to differentiate the neural representation of
self-efficacy and response-efficacy from the probability of receiving a reward. Therefore, the Evaluation Period
was designed as a manipulation check to ensure participants learned self-efficacy and response-efficacy informa-
tion and a baseline condition that helped distinguish the neural representation of self-efficacy and response-ef-
ficacy, which relate more to participants’ beliefs, from the reward probability.

Procedure: The session consisted of 60 trials (evenly split between bar and card games). A typical trial involved
a presentation of an item (i.e., bar or card game) for 2 s followed by a 1-3 s fixation period (interstimulus interval
[ISI]). Participants were then asked to provide a subjective rating on their evaluation of the likelihood of success
of hitting the target (Bar game) or winning the reward (Card game), followed by a 1 s jittered intertrial interval
(ITT) showing a fixation cross.
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Experimental tasks

Participants completed three separate tasks aimed at examining the behavioral and neural basis of self-efficacy
and response-efficacy during the computation of perceived control. The experimental tasks included the “Hit
the Target” game, featuring both self-efficacy (Bar game) and response-efficacy (Card game) information.
Participants were informed that successfully hitting the target in the bar game would earn them the presented
card, which was associated with a monetary reward of 10 points they had a chance to win. Thus, a monetary
reward would only be earned if participants successfully hit the target with the moving bar (self-efficacy) and
won the card (response-efficacy). To examine the effects of self-efficacy and response-efficacy on perceived
control, we independently manipulated the likelihood of self-efficacy and response-efficacy in a 3 x 3 factorial
design.

Rating task (Fig. ID) Rationale: The rating task was designed to quantify the neural substrates of self-efficacy
and response-efficacy representation, respectively.

Procedure: Participants played two sessions of the Rating tasks, each session consisted of 72 trials. Each trial
began with two seconds presentation of both self-efficacy (Bar) and response-efficacy (Card) information, with
a reminder of what the participants should focus on for that trial. In specific trials, participants were guided
to concentrate on self-efficacy information alone, while in different trials, their focus was solely on response-
efficacy information. Following a jittered 1-3 s ISI, they were asked to provide a confidence rating regarding
successfully hitting the target (if the cue was the Bar game) or the likelihood of winning the card (if the cue was
Card game). A 1 sjittered ITT showing a fixation cross was presented to signal the end of each trial.

Play task (Fig. 1E) Rationale: The Play task was designed to assess how self-efficacy and response-efficacy are
integrated. Given that the objective of the study is to examine the integration of self-efficacy and response-effi-
cacy, it is essential not only to investigate the neural substrates of self-efficacy and response-efficacy but also to
understand how these types of information are used in decision-making.

Procedure: The design of the Play task was similar to the Rating task, with the key difference being that
participants were asked to assess both types of information simultaneously, rather than focusing on just one type
of information. A choice to “play” a particular trial indicated whether the presented combination was desirable
(e.g., high self-efficacy and high response-efficacy vs. low self-efficacy and low response-efficacy), and the
following attribution question provided insight into the reasoning behind their decisions. This session consisted
of 72 trials where participants were presented with the Hit the Target game that lasted 2 s and was followed by
a jittered 1-3 s ISI. Participants were then given 2 s to make a decision regarding whether they wanted to play
the game, followed by a 1 s ISI. Subsequently, a 2 s question was presented asking participants to attribute their
decision to either the bar or the card, followed by a 1 s ITL.

Choice task (Fig. 1F)  Rationale: The Choice task was designed to quantify the subjective weight participants as-
sign to self-efficacy and response-efficacy during decision-making through computational modeling in a behav-
ioral task following the fMRI scan. This task probed how participants trade-off these two types of information to
form their perceived control and make inferences about their choices.

Procedure: The task consisted of 102 trials, where in each trial, participants faced binary choices between two
Hit the Target games. As an incentive control, participants would have a chance to play the game they chose at
the end of the experiment for additional monetary compensation.

Data analysis
Behavioral analyses
Training sessions and evaluation Self-efficacy training - bar game: The hit rates for the adjusted target sizes
were assessed across participants to verify that they achieved the target hit rates of 20%, 50%, and 80% as in-
tended by the manipulation. Additionally, a one-way ANOVA was conducted on participants’ single-instance
likelihood ratings across different target sizes as a manipulation check (see Supplementary Figure S1A).
Response-efficacy training - card game: A one-way ANOVA was conducted on participants” single-instance
likelihood ratings for different decks of cards as a manipulation check (see Supplementary Figure S1B).
Evaluation period: Two one-way ANOVAs were conducted to examine the effectiveness of our manipulation
on participants’ average likelihood ratings. One ANOVA examined the impact of self-efficacy using trials where
only the bar game was presented, while the other assessed the effect of response-efficacy using trials where only
the card game was presented.

Experimental tasks

Rating task While participants had simultaneous access to self-efficacy and response-efficacy information,
they were directed to focus exclusively on the cue information (Bar or Card). They rated their confidence on
a 4-point Likert scale that varied in terms of intensity (Extremely, Slightly) and confidence (Confident, Not
Confident). Given the concurrent presentation of self-efficacy and response-efficacy information, two two-way
ANOVAs were conducted to determine the effectiveness of converting the likelihood of success into confidence
ratings for self-efficacy and response-efficacy information.

Play task Participants were asked to decide whether they wanted to play the game after considering the pre-
sented self-efficacy and response-efficacy information, rating their decision on a 4-point Likert scale that varied
in terms of intensity (Definitely, Slightly) and decision (Yes, No). A two-way ANOVA was conducted to examine
the influence of self-efficacy and response-efficacy on participants’ decisions to engage in the game. Additionally,
participants were asked to attribute their decision to either self-efficacy or response-efficacy information, pro-
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viding their attribution using a 4-point Likert scale (Definitely Bar, Slightly Bar, Slightly Card, Definitely Card).
This attribution question was analyzed using two independent ANOVAs based on participants’ decisions (Yes vs.
No) to assess how self-efficacy and response-efficacy influenced their attribution judgments under their decision
(see Supplementary Figure S3).

Choice task Participants were asked to pick between two possible Hit the Target games, and their trial-by-trial
data was used to fit into a logistic regression to probe individual choices and estimate the subjective weight par-
ticipants assigned to each piece of information utilizing four distinct models.

Derivation of the subjective weights: To compare the 2 options, we computed subjective value (SV) for both
options by taking into account the probability information of self-efficacy, and the probability information of
response-efficacy as follows:

SV =wsg X Psg+wgre X Pre

Where Py, is the probability of success in self-efficacy and Py is the probability of a win in response-efficacy;
w sk is the subjective weight participants assign to self-efficacy and w rE is the subjective weight participants
assign to response-efficacy. The probability of self-efficacy and response-efficacy (Pg; and Prp) was set at 0.2, 0.5,
and 0.8.

To probe participants’ choices, we fitted their trial-by-trial choice into a regression. Each choice pair was
coded by the SV difference between the two options. Maximum likelihood estimation was used to fit the trial-
by-trial choice data of each participant to the following logistic function of the form:

1
14+ exp*(b(SVopm‘,onlf SV option2)+c)

P(choice = optionl) =

Where P is the probability of choosing the 1st option, SV is the subjective value for each option, b is the slope of
the logistic function, and c is a constant.

Model comparison

To investigate participants’ consideration of self-efficacy and response-efficacy in their decision-making process,
we conducted a comparative analysis involving four distinct models: the Integrated model, the Self-efficacy-only
model, the Response-efficacy-only model, and the Expected Value model.

In the Integrated model, both self-efficacy and response-efficacy information are factored into the decision
process, with w sg and w rE representing the subjective weights assigned by participants to each type of
information. The Self-efficacy-only model is characterized by fixing w rr to 0, signifying that participants
exclusively consider self-efficacy information. Conversely, the Response-efficacy-only model sets w sg to 0,
indicating the sole consideration of response-efficacy information. In addition to exploring the integration of
self-eflicacy and response-efficacy, we examined whether participants incorporated the expected value of options
into their decision-making. To do so, we introduced an Expected Value model that factors in the expected value
that calculates the anticipated reward from each option as follows:

FEV = Psg X Pre X Reward

SV =wseg X Pse+wRre X Pre+wgpv X EV

Where w gv is the subjective weight participants assign to the expected value. The expected value is computed
by multiplying P, Py, and the magnitude rewarded, with a fixed value of 10 points in each option. A new
weighting parameter was added to reflect the subjective importance participants assign to the expected value of
an option.

Bayesian information criterion (BIC) was employed to compare and evaluate the fit of these models since
each model had a different number of parameters. Through model comparison across these four models, we
aimed to gain insights into participants utilization of self-efficacy, response-efficacy, and expected value in their
decision-making. Subsequent to the comparison, sign tests were performed to investigate the differences in the
weights of participants assigned to self-efficacy and response-efficacy information.

Neuroimaging analysis

Neuroimaging data acquisition and preprocessing

Structural and blood oxygen level-dependent (BOLD) functional images were collected using a 3T PRISMA
scanner with a 64-channel head coil at Rutgers University Brain Imaging Center (RUBIC). High-resolution
structural images were acquired with a T1-weighted MPRAGE sequence (256 X 256 matrix, FOV 256 mm, 176
1-mm sagittal slices). The blood oxygen level-dependent (BOLD) functional images were acquired with a multi-
band echo-planar imaging sequence (TR=1 s, TE=30 ms, FOV =230 mm, flip angle 52, echo spacing=0.49 ms,
multiband acceleration factor 4, 56 axial slices, voxel size 2.4 mm?). A field map sequence acquired prior to
functional imaging was used to correct geometrical distortion in the functional images. High-resolution
structural images were used to correct geometrical distortion in the functional images. The Fmriprep® pipeline
was used for geometrical distortion correction, head motion and slice-timing correction, and normalization
of images to MNI standard space. Motion outliers will be identified using the “non-stdDVARS” and
“FramewiseDisplacement” columns from the FMRIPREP confounds file, which are thresholded at the 75th
percentile and 1.5 times interquartile range. These outliers will be included as confounded regressors in the first-
level general linear model (GLM).
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fMRI analysis

Multi-voxel pattern analysis (MVPA) We employed multivariate pattern analysis (MVPA) to investigate the
neural representation of self-efficacy and response-efficacy information. Prior to implementing MVPA, tri-
al-by-trial beta values were estimated from unsmoothed preprocessed fMRI data using the general linear model
(GLM) approach”. GLMs included regressors for the trial of interest, same-condition trials, and different-con-
dition trials. convolved with a gamma hemodynamic response function. Motion parameters served as control
regressors. These regressors were convolved with a gamma hemodynamic response function, while six motion
parameters were included as control regressors. This process was repeated for each trial, resulting in trial-by-trial
beta values for all trials in the two conditions. These beta values were then used as observations for the MVPA
analysis. We implemented a whole-brain searchlight approach’!, where a sphere with a diameter of 5 voxels
(10 mm) was formed, and the activity patterns across the voxels within each sphere were used for the MVPA
analysis.

In our whole-brain searchlight analysis, we employed a support vector machine (SVM) with a linear kernel
to decode different error signals and choices. The SVM implementation was done using the LIBSVM toolbox”2.
To prevent overfitting, we conducted 3-fold cross-validation, where one-fold served as the testing data, and the
other two folds as training data. The training data were used to train the classifier, which was then applied to the
testing data to evaluate the classification accuracy. In the linear SVM, the parameter “c” regulates the balance
between minimizing training error and maximizing generalization, was optimized within the range [0.001, 0.01,
0.1, 1, 10, 100, 1000]. During the classifier training, the training data were further divided into 3-folds to select
the optimal value for the “c” parameter using cross-validation. The optimal value was chosen to maximize the
cross-validation accuracy. Once the optimal “c” value was determined, the model was retrained using the entire
training data, and the classification accuracy was calculated on the testing data. This procedure was repeated for
each of the three folds, and the average classification accuracy was computed. To mitigate the impact of varying
numbers of trials in each category on the classification accuracy, we employed balanced accuracy. For balanced
accuracy, we calculated the classification accuracy within each category and then averaged the accuracies across
all categories. The baseline balanced accuracy was also validated via permutations with 5000 iterations. In each
permutation, each trial was randomly assigned to a category with a probability proportional to the number of
trials in that category among all the trials. The average balanced accuracy across these iterations served as the
baseline accuracy. The baseline accuracy was 50% for the two categories.

Rating tasks We examined how the multi-voxel neural pattern in the current trial could discriminate the type
of information (i.e., self-efficacy vs. response-efficacy) in the rating task. In analyzing this task-dependent signal,
we categorized trials into two bins based on task type: self-efficacy trials were labeled as 0, and response-efficacy
trials were labeled as 1.

Play task We examined how the multi-voxel neural pattern in the current trial could distinguish participants’
decisions regarding playing the game (i.e., Yes vs. No) and their attributions for their decision (i.e., self-efficacy
(Bar) vs. response-efficacy (Card)) in the Play task. In the analysis concentrating on the decision-dependent
signal, we classified trials into two bins according to participants’ decisions: No trials were designated as 0, and
Yes trials were designated as 1. In the analysis focusing on the attribution-dependent signal, we categorized trials
into two bins based on participants™ attributions: self-efficacy trials were denoted as 0, and response-efficacy
trials were denoted as 1.

After obtaining the classification accuracy for each participant, the baseline accuracy was subtracted from the
classification accuracy for each participant.

Prior to the group-level analysis, individual accuracy maps were smoothed using a 6 mm FWHM Gaussian
kernel. To control false-positive rates’>, statistical testing was conducted using one-sample cluster-mass
permutation tests with 5000 iterations. A voxel threshold uncorrected p <0.001 was used to identify clusters, and
the corrected cluster p-value (p <0.05) was estimated for each cluster.

Univariate activity correlated with self-efficacy and response-efficacy

To test our hypotheses regarding the linear representation of self-efficacy and response-efficacy in the vmPFC>
and striatum®, we conducted two GLM analyses. Both GLM analyses were carried out with FMRIB’s Software
Library (FSL7*) FEAT (FMRI Expert Analysis Tool) Version 6.07°.

Evaluation period GLM-1: The model estimated mean activity for self-efficacy and response-efficacy condi-
tions (3 probability each) at the time of self-efficacy or response-efficacy presentation in the Evaluation period.
For each condition separately, we implemented the following regressors: R1) an indicator function with a du-
ration of 2 s. At the time of response, we implemented R7) an indicator function with the duration of subjects’
response time. We set up two contrasts - the contrast [R1 R2 R3] = [-1 0 1] was used to identify the neural cor-
relates of group mean of probability in self-efficacy probability, and contrast [R4 R5 R6] = [-1 0 1] was used to
examine the neural correlates of probability in response-efficacy.

Rating task GLM-2: Univariate analysis in the rating task utilized a run-level GLM with regressors for a 2 s in-
dicator function in each condition (2 Question X 3 Self-efficacy X 3 Response-efficacy) at the time of self-efficacy
and response-efficacy representation. At the time of response, we implemented an indicator function with the
duration of the subjects’ response time. The same contrasts as GLM-1 were used regarding the type of question
asked in the task for self-efficacy and response-efficacy linear representation.
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Region of interest (ROI) analysis The vmPFC and striatum regions of interest were defined by a meta-analytic
contrast of brain responses to the valuation network that correlates with subjective value?. To explore potential
asymmetric representation, we further segmented the mask regions into left and right vmPFC and striatum.
To strengthen the reliability of the finding, we conducted one-sample permutation tests with 50,000 iterations
within the rating task to assess the linear representation of self-efficacy and response-efficacy. As a control condi-
tion, we repeated the same permutation tests during the evaluation period. Additionally, to examine differences
between the ROIs across tasks (rating and evaluation period), we calculated the differences between each ROT’s
response in the two tasks and conducted one-sample permutation tests with 50,000 iterations to assess statistical
significance. In addition, for the exploration of the dACC region, we utilized the automated anatomical atlas
(AAL®), specifically targeting the Anterior Cingulate Cortex (abbreviated as ACC).

Exploratory analysis: combining neural and behavior—mediation analyses

To examine individual differences in the relationship between neural computations and behavioral choices,
we employed two measures of individual differences: achievement motivation and general self-efficacy.
Achievement motivation?, encompasses mastery-approach, mastery-avoidance, performance-approach, and
performance-avoidance goals, providing insight into the strategies participants employ when making decisions.
General self-efficacy” reflects an individual’s belief in their ability to overcome challenges. To understand how
achievement motivation and general self-efficacy impact the formation of perceived control in decision-making
processes related to neural computations, we utilized participants’ relative subjective weighting of self-efficacy
and response-efficacy, calculated from the integrated model in the choice task. Additionally, we examined neural
activity in the dorsal anterior cingulate cortex (AACC) during the rating task, given the dACC'’s established role
in the computation of control-related rewards?!. We conducted a linear mixed effects mediation analysis using
the MATLAB mediation toolbox**?°, implementing 10,000 bootstrap simulations for robust statistical inference.

Data availability

The behavioral data that support the findings of these studies are available on GitHub (https://github.com/delg
ado-lab/PerceivedControllntegration). Thresholded and unthresholded image data are available on NeuroVault
(https://neurovault.org/collections/17172/).
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