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Functional distinctions between
orbitofrontal cortex and anterior cingulate
cortex subregions in decision-making and
autonomic regulation

Georgios K. Papageorgiou 1,2 , Ken-ichi Amemori 3, Daniel J. Gibson 1,2,
Helen N. Schwerdt4, Michelangelo Naim1,2, Michelle C. Wang 1,2,5,6,
Tomoko Yoshida1,2, Jitendra Sharma1,2,7,8, Urvashi Upadhyay9,
Guangyu Robert Yang 1,2 & Ann M. Graybiel 1,2

Mood disorders are associated with complex disruptions in brain networks,
including those associated with the orbitofrontal cortex (OFC) and pregenual
anterior cingulate cortex (pACC). Differential functions of these regions,
especially the functions of the far-caudal OFC, are incompletely understood.
We trained macaques to perform an approach-avoidance task and recorded
cOFC and pACC neuronal activity and autonomic/somatic responses during
performance, including during electrical microstimulation (EMS) of the cOFC.
The cOFC was sensitive to both positive and negative stimuli, whereas the
pACC was significantly more active during aversive outcomes. cOFC EMS
increased avoidance, suggesting a causal cOFC function in cost-benefit deci-
sion-making. The cOFC activity led pACC activity during the decision period,
supporting cOFC network prominence. Autonomic and somatic responses
were positively correlated with behavioral patterns, consistent with a coordi-
natedbody-brain involvement during emotionally significant decision-making.
We suggest that dysfunction of this network could potentially contribute to
the etiology of mood disorders.

Mood-related disorders pose significant challenges to emotional reg-
ulation andpsychologicalwell-being and affect hundreds ofmillions of
individuals worldwide. For many of these conditions, a pervasive
negative affect is a hallmark1,2, often accompanied by impaired stress
management and emotional instability3,4. Mounting evidence impli-
cates dysfunction within interconnected networks of cortical and
subcortical regions, including the prefrontal cortex, amygdala, and

striatum, as a primary neurobiological basis of these symptoms3,5.
Altered excitability in prefrontal-limbic circuits has also been observed
in neuromodulation studies targeting emotion regulation networks6.
Coactivation of the anterior cingulate cortex (ACC) and the orbito-
frontal cortex (OFC) has been reported in human neuroimaging stu-
dies investigating emotion regulation7,8 and mood disorders9,10,

Received: 6 January 2025

Accepted: 30 January 2026

Check for updates

1McGovern Institute for Brain Research, Massachusetts Institute of Technology, Cambridge, MA, USA. 2Department of Brain and Cognitive Sciences, Mas-
sachusetts Institute of Technology,Cambridge,MA,USA. 3Institute for the AdvancedStudyof HumanBiology, KyotoUniversity, Kyoto, Japan. 4Department of
Bioengineering, University of Pittsburgh, Pittsburgh, PA, USA. 5Department of Pharmacology and Toxicology, University of Toronto, Toronto, ON, Canada.
6Faculty of Arts and Science, University of Toronto, Toronto, ON, Canada. 7Martinos Center for Biomedical Imaging, Department of Radiology, Massachusetts
General Hospital and HMS, Boston, MA, USA. 8CNPRC, University of California, Davis, CA, USA. 9Boston University School of Medicine, Boston, MA, USA.

e-mail: georgios.k.papageorgiou@gmail.com; graybiel@mit.edu

Nature Communications |         (2026) 17:2774 1

12
34

56
78

9
0
()
:,;

12
34

56
78

9
0
()
:,;

http://orcid.org/0000-0002-0121-3230
http://orcid.org/0000-0002-0121-3230
http://orcid.org/0000-0002-0121-3230
http://orcid.org/0000-0002-0121-3230
http://orcid.org/0000-0002-0121-3230
http://orcid.org/0000-0001-8500-6820
http://orcid.org/0000-0001-8500-6820
http://orcid.org/0000-0001-8500-6820
http://orcid.org/0000-0001-8500-6820
http://orcid.org/0000-0001-8500-6820
http://orcid.org/0000-0003-4376-6041
http://orcid.org/0000-0003-4376-6041
http://orcid.org/0000-0003-4376-6041
http://orcid.org/0000-0003-4376-6041
http://orcid.org/0000-0003-4376-6041
http://orcid.org/0000-0002-3122-2090
http://orcid.org/0000-0002-3122-2090
http://orcid.org/0000-0002-3122-2090
http://orcid.org/0000-0002-3122-2090
http://orcid.org/0000-0002-3122-2090
http://orcid.org/0000-0002-8919-4248
http://orcid.org/0000-0002-8919-4248
http://orcid.org/0000-0002-8919-4248
http://orcid.org/0000-0002-8919-4248
http://orcid.org/0000-0002-8919-4248
http://orcid.org/0000-0002-4326-7720
http://orcid.org/0000-0002-4326-7720
http://orcid.org/0000-0002-4326-7720
http://orcid.org/0000-0002-4326-7720
http://orcid.org/0000-0002-4326-7720
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-026-69447-4&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-026-69447-4&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-026-69447-4&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-026-69447-4&domain=pdf
mailto:georgios.k.papageorgiou@gmail.com
mailto:graybiel@mit.edu
www.nature.com/naturecommunications


suggesting that these regions have coordinating functions involved in
these processes.

TheACC is thought to supportmultiple components ofmotivated
behavior, including cost-benefit decision-making11,12, effortful control
and adaptive learning13,14, and valuation under approach-avoidance
conflict15. In particular, the pregenual ACC (pACC) has been implicated
in negative affective biases that contribute to pessimistic decision-
making16,17, and has been associated with clinical symptoms observed
in depressive disorders18,19.

The OFC receives convergent inputs from gustatory, olfactory,
visual, and somatosensory systems20. It has been reported to encode
the value of expected outcomes21, to represent subjective value signals
in amanner independent of specific sensory ormotor contingencies22,
and to contribute to learning predictive associations between cues and
outcome, particularly in the context of reward and aversion23. Fur-
thermore, it is reported to underpin adaptive behavior, enabling
individuals to adjust their actions in response to changing
circumstances24,25.

Pioneering functional studies treated the OFC as a relatively
homogeneous region in terms of value representation22,26,27, but
functional distinctions across OFC subregions have been identified,
including medial versus lateral divisions28 and rostral versus caudal
subregions29. Among the subregions of the OFC, the caudal OFC
(cOFC) shares important anatomical connectivity with the pACC. Both
regions are classified as dysgranular cortical areas, characterized by a
relatively sparse granular layer compared to other OFC subregions30,31.
Notably, these twosubregions are anatomically interconnected32, form
strong reciprocal connections with the amygdala33,34 and, motivating
the study reported here, project preferentially to the striosome com-
partment of the striatum35,36.

Given these findings and others3,37,38, we here asked how the cOFC
and pACC regionsmight differentially contribute to affective decision-
making and be coupled together in regulating motivational processes
in primates. We recorded from neurons in both the cOFC and the
pACC in macaque monkeys performing a modified version of the
approach-avoidance (Ap-Av) decision-making task. To test for causal
contributions, we applied electrical microstimulation (EMS) to the
cOFC, extending previous EMSwork in the pACC and striatum39,40. The
choice of the Ap-Av task rested on its original development to support
pharmaceutical research anddrug testing in rodents41, as subsequently
adapted for both healthy and clinical human populations18,42, and
modified for use in macaque monkeys to examine pACC and striatal
functions39,40. It has further been implemented in two-choice para-
digms to investigate decision-makingmechanisms in rats andmice43–45.
Here, we conducted multi-site neuronal recordings from both regions
while simultaneously monitoring autonomic responses and reaction
times (RTs) on a trial-by-trial basis.

Our findings demonstrate that neurons in the cOFC exhibit a
balance of excitatory and inhibitory responses during the cue period
when cost-benefit offers were presented. This activity pattern con-
trasted with that of simultaneously recorded pACC neurons, which
showed a predominance of inhibitory responses. At the population
level, the cOFC activity increased earlier than that of the pACC popu-
lation, and EMS of the cOFC, using either high (150–200μA) or low
(5–15μA) currents, induced increased avoidance behavior in the
monkeys, suggesting that the cOFC could have a causal influence in
inducing pessimistic bias in cost-benefit evaluation. We found close
correlations between the behavioral patterns of the monkeys and the
autonomic and RT parameters measured during the decision-making
task, pointing to a potential form of brain-body synchronization
characteristic of mood disorders.

Results
Two rhesus macaques, designated as subjects P and D, were trained
over the course of approximately two years, during which time they

made the transition from a task-naive state to a task-expert state in
their use of directional saccades to one of two targets to report
acceptance or rejection of a series of visually presented symbols
representing compound offers of reward and aversion as described
previously39. At the expert state, the monkeys received combined
offers for reinforcement denotedby symbolspresentedon a computer
screen in front of them (Fig. 1). These were composed of abutting
horizontal bars whose ~200 independently variable lengths repre-
sented how much positive and negative reinforcement they would
receive if they accepted the offer. Rewarding juice was an incentive,
and aversive airpuff applied to the face was a deterrent.

During daily (5 d/wk) sessions, combinations of the two bars were
presented to monkeys as the visual cue for decision-making (see
Methods). An array of approximately 40,000 combinations of reward
and aversion, furnished randomly, were possible, in an attempt to
mimic the complexity inherent in real-world decision-making pro-
cesses. In addition to the choice trials, we inserted in 15% of the trials
Pavlovian task trials, in which the animal experienced either positive or
negative outcomes after single cues were presented. These took away
the need for decision-making comparable to that in the main task. In
most cases, if a given Pavlovian trial were a aversion trial, then the next
onewould be a reward trial, and vice versa. In Pavlovian trials, after the
fixation period, a single cue was presented on the screen, and the
monkey needed only to fixate on the cue for the first 300ms for the
cue to stayon for the full 1.5-s presentation, followedby reinforcement
or aversion. The fixation was considered successful as long as the eye
position stayed within the 3° cue radius for the required time. Fixation
breaks were allowed after 300ms because otherwise the monkeys
would often exhibit fixation breaks to forfeit Pavlovian aversion trials.
Due to themuch smaller number of Pavlovian trials, and to investigate
the parametric modulation of electrophysiological and physiological
activity, we presented bars only of certain evenly spaced, preset sizes
to ensure good coverage of the 200-interval distribution of reward and
aversion presented during the choice trials (see Methods). After this,
the outcome followed a randomized delay uniformly distributed
between 600–800ms.

Behavioral patterns during task performance
The animals were able to execute 1050–1500 trials per recording ses-
sion, with sessions lasting 4–6 h. After the monkeys achieved mastery
of the Ap-Av task, behavioral patterns like those depicted in Fig. 2a, b
(top panel) emerged. For analysis, we included only sessions in which
the decision boundaries had a positive slope (203 or 96.2% of all the
sessions), indicating that the animals understood/performed well in
the task, choosing an optimal way to solve the task by accepting offers
thatmore often camewith larger reward and smaller aversion (Fig. 2c).
We excluded a small number of sessions (8 sessions or 3.8% of all the
sessions) in which the decision boundaries had a negative slope. There
was variability in the daily choices of the monkeys, partly because of
the random combination of cues that were presented each day, and
also due to the fact that on some occasions they rapidly decided to
saccade to the unfavorable side of the screen. To minimize gaze-
dependent distortion in measurements of pupil size, all trials in which
eye position deviated from the central fixation window during the cue
period were excluded from analysis.

As a control decision-making task, we introduced an approach-
approach (Ap-Ap) task that was largely identical to the Ap-Av task with
the difference that both the red and yellow bars signaled reward
amounts (Fig. 1; bottom half of purple dotted rectangle). The rewards
offered by the red bar were given when the monkey chose to saccade
at the cross, whereas the rewards offered by the yellow bar were given
when the monkey chose to saccade on the square. As with the Ap-Av
task, Pavlovian trials were presented, but now corresponding to the
new contingencies. This experiment was conducted in combination
with theAp-Av task so that, in each single session, twoequal size blocks
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of the Ap-Av task interleaved with two equal size blocks of the Ap-Ap
task (i.e., Ap-Av, Ap-Ap, Ap-Av, Ap-Ap), forming the Ap-Av-Ap-Ap task.
Finally, the animals were given the Ap-Av EMS task,whichwas identical
to the Ap-Av task with the only difference being that we separated the
task into three blocks of equal trial number (Fig. 1; green-dotted rec-
tangle). In the middle block, we microstimulated the cOFC during the
full cue period (1–1.5 s) with either high (150–200μΑ) or low (5–15μA)
currents, to determine whether and how varying levels of stimulation
influence decision-making related to reward and aversion27,36,39,40.

We note several differences between our current protocols and
previous studies with the Ap-Av and Ap-Ap tasks. EMS sessions were
originally performed only under high (150–200μA) currents36,39,40, and

a joystick was used by the monkeys to move a cursor on the screen in
front of them. In the version of the experiments developed here, we
used, as noted, both high and low currents (150–200μA and 5–15μA),
and the monkeys used saccadic eye movements to indicate their
choice, avoiding the need to make a change in reference frames to
indicate their responses16,36,40. Here, we also added estimates of the
internal states of the animals during different task periods by record-
ing lick rate, pupil diameter, RT and heart rate variability (HRV), and, as
noted, added Pavlovian trials46 as further internal controls.

We analyzed the distribution of RTs relative to the cued offers,
separately for approach (Ap) and avoidance (Av) choices (Supple-
mentary Fig. 1a). RT was defined as the interval between the offset of

Fig. 1 | Experimental tasks. During the cue period of the Ap-Av task (red dotted
rectangle), red and yellow horizontal bars signaled, respectively, the offered
amounts of reward and aversion on the monitor. The monkeys made a decision
between acceptance and rejection of the combined offer and reported this by
choosing either of two targets (cross for acceptance/approach; square for rejec-
tion/avoidance) that appeared during the response period. The locations of the
peripheral targets were alternated randomly. During the Pavlovian trials within the
Ap-Av task, single cues were presented immediately after the fixation period, and
the monkey experienced the respective positive or negative outcomes. During Ap-
Av-Ap-Ap sessions (purple dotted rectangle), the Ap-Av task (upper diagram) was
presented in the first and third blocks, and the Ap-Ap task (lower diagram) was
presented in the second and fourth blocks. During the Ap-Ap cue period, the red
and yellow horizontal bars on the monitor signaled two different offered amounts
of reward. The monkeys made a decision between the two alternative options and
reported this by choosing either of two targets (cross for choosing the red bar;

square for choosing the yellow bar) that appeared during the response period. The
locations of the targets were once again alternated randomly. During the Ap-Ap
Pavlovian trials, single cues were presented right after the fixation period, and the
monkey experienced the respective positive outcomes indicated by the length of
either cue.During theAp-AvEMS task (greendotted rectangles), the Ap-Av taskwas
presented in the first and third blocks, and the Ap-Av EMS task was presented in the
second block. During the Ap-Av EMS block, EMSwas delivered simultaneously with
the cue onset for 1 or 1.5 s of the cue period. The red and yellow horizontal bars,
respectively signaling theoffered amounts of rewardand aversion, appearedon the
monitor. The monkeys made a decision between acceptance and rejection of the
combined offer and reported this by choosing either of two targets (cross for
acceptance/approach; square for rejection/avoidance) that appeared during the
response period. The locations of the targets were alternated randomly. During the
Pavlovian trials, EMS was delivered as for the choice trials.
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the cue and the selection of one of the two peripheral stimuli (cross or
square). The differences in RTs between Ap and Av trials (Fig. 2d) were
significantly and positively correlatedwith the observed choices of the
animals (Fig. 2c). During the Ap-Av blocks of the Ap-Av-Ap-Ap task, the
animals exhibited near-optimal behavior, in which approach choices
were positively and significantly correlated with the differences in RT
(Fig. 2e, f). During the Ap-Ap blocks of the same session type, the

animals also exhibitednear-optimal behavior, choosingmore often the
larger of the two bars (Fig. 2g). Once again, the differences in RT were
positively correlated with the decisions of the animals (Fig. 2h). In the
cOFC EMS Ap-Av task, RT differences remained positively correlated
with the animals’Ap-Av choices, suggesting that aspects of deliberative
processing could still be preserved under conditions of cOFC micro-
stimulation (Fig. 2i, j).
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Based on the monkeys’ overall choice patterns, we classified the
cue combinations into two types: Ap-favoring cues, which typically
resulted in approach choices (for example, high reward and low
aversion), and Av-favoring cues, which generally led to avoidance
choices (such as high aversion and low reward). We then compared
RTs between these cue types for each actual choice direction. When
animals selected Ap, RTs were significantly longer in trials with Ap-
favoring cues than in those with Av-favoring cues (Supplementary
Fig. 1a, left), despite the samebehavioral outcome (Wilcoxon rank-sum
test, p <0.0001). Similarly, when animals selected Av, RTs were sig-
nificantly longer in trials with Av-favoring cues than in those with Ap-
favoring cues (Supplementary Fig. 1a, right; Wilcoxon rank-sum test,
p <0.0001).

These findings indicated that cue-congruent decisions, in which
the choicematches the value suggested by the cue, are associatedwith
longer RTs. By contrast, cue-incongruent decisions are executedmore
quickly, suggesting a more impulsive or reflexive response. This
asymmetry in RTs suggests that animals invested more cognitive
effort when their decisions were aligned with cue-based expectations
of reward and aversion. The cue-incongruent decisions might have

been careless mistakes made due to lack of attention to the task. To
complement this analysis, we plotted RTs across all trial types as a
function of reward and airpuff amounts (Supplementary Fig. 2). The
smoothed heatmap revealed that RTs were shortest near the decision
boundary, where subjective value is most uncertain, and became
longer toward the extremes of the offer space, where options are
clearly good or bad. This pattern suggests that decision latency is
minimized when choice difficulty is highest, consistent with
deliberation-related dynamics.

Neural activity during the Ap-Av task
We recorded 1712 well-isolated single units, 1278 units from the cOFC
and 434 units from the pACC of monkeys P and D (Fig. 3 and Supple-
mentary Fig. 3), with chronically implanted platinum iridium probes
and with Plexon S-probe recordings, across all Ap-Av tasks. We calcu-
lated the percentage of cOFC and pACC neurons that exhibited sta-
tistically significant changes in spike counts during registered task
events (chi-square test, p < 0.05, testing the change in spike counts 1 s
before and 1 s after the onset of each event; Fig. 3a). The cOFC units
showed a trend to be more active across most task events. This trend

Fig. 2 | Physiologicalmeasurements across all experimental tasks. Session as an
example of Ap-Av task performance with the original data (a) and a smoothed
version of the sameplot (b). The x-axis of these panels represents the percentage of
reward (i.e., juice) offered, and the y-axis denotes the percentage of aversive out-
come (i.e., airpuff) offered. Trials in which subjects chose to approach (accept) the
offers are marked with green crosses. Instances in which subjects opted to avoid
(decline) the offers are denoted by red squares. The black lines indicate decision
boundaries, which were mathematically derived through a linear regressionmodel
using the MATLAB glmfit function (MathWorks, Natick, MA). The black line
represents the 50% probability decision boundary, whereas the blue dashed line
shows the 60%probability region, highlighting areaswhere approach behavior was
more predominant. The orange dashed line marks the 40% probability region,
underscoring areas where approach behavior was less predominant. Mean choice
pattern (c) and difference in RTs (d, see Methods) during Ap-Av task averaged

across all sessions, showing a significant correlation between RTs and observed
choices (r =0.55, p = 4.6 × 10⁻¹¹⁹, two-sided Pearson correlation). Average choice
pattern (e) and difference in RTs (f) during the Ap-Av blocks in the Ap-Av-Ap-Ap
task exhibit a positive and significant correlation (r =0.18, p = 4.9 × 10⁻¹³, two-sided
Pearson correlation), highlighting optimal behavior. Average choice pattern (g) and
difference in RTs (h) during the Ap-Ap blocks in the Ap-Av-Ap-Ap task, with a
significant positive correlation observed (r =0.27, p = 4.5 × 10⁻²⁸, two-sided Pear-
son correlation). Average behavior (i) and difference in RTs (j) in the Ap-Av EMS
task, where behavior was again significantly correlated with RTs (r =0.21,
p = 1.6 × 10⁻⁵, two-sided Pearson correlation). The same decision boundaries used
in the behavior plots (left column) have been applied to the RTplots (right column)
for illustrative purposes. Also see Supplementary Fig. 1a. No adjustments for mul-
tiple comparisons were applied. Source data are provided as a Source Data file.

Fig. 3 | Event-related neural activity during Ap-Av task. a Proportions of cOFC
and pACC units with event-related responses during the Ap-Av task. The events
plotted include the fixation point onset for all trials (Fix point ON), choice/offer cue
onset (Choice cue ON), airpuff delivery onset during Ap choice trials (Ap air ON),
reward delivery onset during Ap choice trials (Ap rew ON), small reward delivery
onset during Av choice trials (Av rew ON), highlight around the cross for choosing
Ap during choice trials (Ap highlight), highlight around the square for choosing Av
during choice trials (Av highlight), Pavlovian trials reward cue onset (Red bar ON),
Pavlovian trials airpuff cue onset (Yellow bar ON), Pavlovian trials reward delivery
(Red bar REW), and Pavlovian trials airpuff delivery (Yellow air ON). Event-related

responses were assessed using a two-sided chi-square test comparing spike counts
1 s before and 1 s after each event (α =0.05). Significant differences between cOFC
and pACC included fixation point onset (chi-square = 7.48, p =0.006), Pavlovian
reward delivery (Red bar REW; chi-square = 6.67, p =0.01), approach airpuff onset
(Ap airON; chi-square = 11.37,p =0.0007), and Pavlovian airpuff delivery (Yellowair
ON; chi-square = 5.00, p =0.03). Sample cOFC regions (b shown in purple with
white dotted outline) and sample pACC regions (c shown in olive with white dotted
outline) from which the recordings have been performed. Also see Supplementary
Fig. 5 for a more detailed population-level analysis of these event-related neural
responses. Source data are provided as a Source Data file.
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was particularly evident for the fixation point onset and Pavlovian red
bar reward delivery onset. For the fixation point onset, there was a
significant increase in cOFC activity (chi-square = 7.48, p = 0.006), with
54.4% of cOFCneurons showing significant activity compared to 37.4%
in the pACC. Similarly, during the Pavlovian reward delivery onset (Red
bar REW), there was also a notable rise in cOFC activity (chi-square =
6.67, p =0.01), with 35.5% of cOFC neurons significantly active, in
contrast to 23.2% in the pACC. However, for two events, we observed
the opposite pattern during the airpuff-related events: approach air-
puff onset (Ap air ON) and Pavlovian airpuff onset (Yellow air ON).
Among the events analyzed, the approach airpuff onset event exhib-
ited a statistically significant difference in event-related unit counts
between the cOFC (lower) and pACC (higher) (chi-square = 11.37,
p =0.0007). The raw count of significantly active neurons was higher
in the cOFC (670 neurons) than in the pACC (248 neurons), but this
difference corresponded to 52.8%of the recordedneurons in the cOFC
and 57.5% in the pACC. Additionally, during the Pavlovian yellow

airpuff onset, there was a significant increase in pACC activity (chi-
square = 5.00, p =0.03), with 35.6% of pACC neurons showing sig-
nificant activity, identical to the proportion observed during fixation
point onset.

These findings demonstrate a significant trend for the cOFC units
recorded to bemore actively involved during events related to reward
processing and the initiationof trials, possibly linked to attentional and
reward-evaluation processes, whereas the pACC units recorded
showed greater involvement during events associated with aversive
outcomes, such as the delivery of airpuffs following particular choices
or cues. This contrasting pattern suggests that the pACC units might
have been more active in processing the consequences of aversive
events than the cOFC units, contributing to learning and adaptation
based on negative outcomes rather than responding directly to aver-
sive stimuli.

We performed stepwise regression (Fig. 4) following the protocol
of an earlier study39 to determine whether themean firing rates during

Fig. 4 | Classification of units recorded in the cOFC and pACC. Results of step-
wise regression analysis for the Ap-Av task in the cOFC (a) and the pACC (b).
Regression variables are reward size/duration (Reward), airpuff size/duration
(Aversion), expected utility (Eutility), choice (Choice), chosen reward (Choice*Re-
ward), chosen airpuff (Choice*Aversion), conflict in decisions (Conflict), and RTs.

The histogram represents the number of units on the y-axis characterized by single
(red-blue bars) or multiple (green bars) variables. These variables are then pre-
sented in the matrix below. The colored bars for the single variables demonstrate
the positive (red) and negative (blue) correlations with the unit’s cue-related mean
firing rates. Source data are provided as a Source Data file.
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the 1.5-s cue period were correlated with task-related variables. These
variables included externally observable factors such as the Reward
(the amount/duration of offered reward indicated by the length of the
redbar), Aversion (the amount/durationofoffered airpuff indicatedby
the length of the yellow bar), and the binary Choice variable (Ap = 1,
Av = 0). In addition, we considered interaction terms reflecting the
value of the chosen option: Reward*Choice (chosen reward) and Air-
puff*Choice (chosen aversive stimulus). Lastly, we incorporated two
inferred internal constructs as previously introduced16: Eutility,
representing the expected utility of the offer, and Conflict, reflecting
cognitive tension during decision-making. In this analysis, if we found
that the cOFC or the pACC had a key function in integrating costs and
benefits, the activity of neuronal populations that we recorded would
likely be represented by both offered and chosen values, albeit these
populations making up only a small percentage of their neurons.

To further derive the subjective value of the chosen target, or the
utility, we approximated the behavior using the conditional logit
model47 and inferred utility inversely48.We then used expected utility49

as an explanatory variable corresponding to the continuous form of
chosen value50. As in our original study39, we used the entropy from the
conditional logit model as an indication of decision conflict, a term
that we call Conflict for the purposes of analysis. Stepwise regression
(see Methods) indicated that activity during the decision period of the
Ap-Av task was captured by linear combinations of the eight factors
listed above (F-test, p <0.05; Fig. 4). For the cOFC, themost significant
predictorwasRT (86units), followedbyReward (60units) andConflict
(53 units), with the remaining single predictors and several combina-
tions of predictors following. By contrast, in the pACC, the most sig-
nificant predictor was Reward*Choice (25 units), followed by RT (23
units), and then Aversion, Choice, and Conflict (15 units each).

What stands out from this analysis is that themajority of the single
predictors in the cOFC had a balanced positive/negative correlation
with firing rates during the cue period, whereas in the pACC, the pre-
dictors mostly were negatively correlated with firing rates during the
cue period.

Differential task-related firing patterns recorded in the pACC
and cOFC
To compare task-related firing patterns between the pACC and cOFC,
we examine the proportions of excitatory, inhibitory, and unrespon-
sive units across key Ap-Av task events. These results demonstrated a
consistent pattern: the cOFCunits thatwe recorded exhibited stronger
excitatory modulation, particularly during reward-related outcomes
and choice cues, whereas the recorded pACC units included higher
proportions of non-significant changes and, in some conditions, inhi-
bitory responses, especially during aversive or less goal-directed
contexts. This regional dissociation aligns with their proposed roles in
outcome valuation (cOFC) and cost-related control or suppres-
sion (pACC).

To facilitate comparison of the functional response properties of
the pACC and the cOFC,we summarized the proportions of excitatory,
inhibitory, and unresponsive units across key Ap-Av and Pavlovian task
events (Table 1). During most task events, a larger proportion of cOFC
units than pACC units exhibited excitatory responses, whereas the
pACC had a greater proportion of inhibitory responses. Around the
cue onset event, firing rates were generally higher for the cOFC units
(purple in Supplementary Fig. 4) than for the pACC units (green), with
noticeable excitation after cue onset in the cOFC and slight inhibition
during the sameperiod in the pACC (Supplementary Fig. 4a). Formost
task events, this distribution pattern was maintained (Supplemen-
tary Fig. 4b).

We further compared the distributions of excitatory, inhibitory,
and non-significant units using a combination of 2 × 3 and 2 × 2 chi-
square tests. The 2 × 3 analysis revealed significant differences
between the pACC and cOFC during the choice cue period (p =0.006),
Pavlovian reward period (p <0.0001), approach reward period
(p < 0.0001), and Pavlovian airpuff period (p <0.0001). Follow-up 2 × 2
tests identified the directionality of these effects, showing, for exam-
ple, that in the pACC the number of activated units increased from the
Pavlovian reward cue period to the choice cue period, and in the cOFC
excited units increased markedly from the Pavlovian reward cue

Table 1 | Proportions and counts of excitatory, inhibitory, and unresponsive pACC and cOFC units across key events in the Ap-
Av task

Task Event Region Excited (%) Inhibited (%) Unresponsive (%)

Choice trials

Choice Cue pACC 18.1 (76) 31.7 (133) 50.2 (211)

Airpuff Delivery 20.0 (85) 38.3 (163) 41.8 (178)

Reward Delivery 42.2 (178) 13.5 (57) 44.3 (187)

Small Reward Outcome 17.7 (75) 14.4 (61) 67.9 (287)

Choice Cue cOFC 25.6 (313) 30.2 (369) 44.1 (539)

Airpuff Delivery 24.3 (303) 28.7 (358) 47.0 (587)

Reward Delivery 32.5 (402) 25.0 (309) 42.5 (525)

Small Reward Outcome 21.1 (258) 22.0 (269) 57.0 (730)

Pavlovian trials

Reward Cue pACC 5.9 (24) 18.3 (75) 77.0 (316)

Airpuff Cue 8.8 (36) 21.2 (87) 70.1 (288)

Reward Delivery 10.1 (42) 11.6 (48) 78.3 (325)

Airpuff Delivery 13.3 (55) 23.4 (97) 63.4 (263)

Reward Cue cOFC 15.1 (175) 15.4 (179) 69.6 (809)

Airpuff Cue 14.3 (163) 19.3 (221) 66.4 (760)

Reward Delivery 18.0 (214) 14.5 (173) 67.5 (803)

Airpuff Delivery 17.7 (206) 14.0 (163) 68.3 (794)

The Ap-Av task included both choice trials (top section of the table) and Pavlovian trials (bottom section). For each event and brain region, the table lists the percentage of units in each response
category, with raw counts in parentheses. ‘ChoiceCue’ refers to the 1 s period following cueonset in choice trials. ‘Airpuff Delivery’ and ‘RewardDelivery’ refer to outcomeperiods inApchoice trials.
‘Small RewardOutcome’ refers to the outcomeperiod in Av choice trials. Pavlovian events are aligned to cueor outcome onset in Pavlovian trials. Percentages are based on the total number of units
recorded in that region for that condition. Unit classification (excitatory, inhibitory, unresponsive) was determined by comparing post-event firing rates to baseline.
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period to the choice cue period (all p <0.0001). Outcome-related
comparisons also revealed reward-enhanced excitation and airpuff-
driven inhibition in the pACC, and outcome valence sensitivity in the
cOFC (all p <0.0001).

In addition to unit counts,we compared firing rates across the key
events and unit classifications, using Wilcoxon rank-sum tests on the
smoothed unit data (0-1 s post-event). In the pACC, excitatory
responses during the cue period were significantly higher for the Ap
reward period than for the choice cue period (p = 0.022), and the Ap
reward period relative to the Pavlovian reward cue period (p = 0.029),
with markedly stronger firing during reward than airpuff outcomes
(e.g., Ap reward period compared to Ap airpuff period: p <0.0001;
Pavlovian reward period compared to Pavlovian airpuff period:
p =0.001). Inhibitory neurons in the pACC had the largest effect sizes,
with significant differences across almost all cue and outcome com-
parisons (e.g., Ap reward period compared to Ap airpuff period:
p <0.0001; Pavlovian airpuff cue period compared to Pavlovian
reward period: p < 0.0001), indicating robust suppression especially in
aversive contexts. Even the pACC units with non-significant chan-
ges showed systematic modulation between outcomes (e.g., Ap
reward period compared to Pavlovian reward period: p =0.021).

In the cOFC, excitatory responses were especially enhanced for
reward outcomes, with significantly higher firing in the Ap reward
period compared to the Ap airpuff period (p < 0.0001), Pavlovian
reward cue period (p <0.0001), and Pavlovian airpuff period
(p < 0.0001). Inhibitory units in cOFC also showed significant differ-
ences across reward and aversive comparisons (e.g., Pavlovian reward
period compared to Pavlovian airpuff period: p <0.0001), though to a
lesser extent than in the pACC.

Direct cross-region comparisons confirmed stronger excitatory
responses in the cOFC during Ap reward period (p < 0.0001) and Ap
airpuff period (p = 0.0009), whereas the pACC showed significantly
greater inhibitory responses during these same conditions (all
p <0.0001). For non-significantly activated units, a few differences
were alsodetected (e.g., pACCcompared to cOFCduring the Pavlovian
reward period: p <0.0001), suggesting region-specific modulation
even among weakly responsive neurons.

The combined unit count and firing rate analyses reveal a clear
functional dissociation between the pACC and cOFC. Across both
Pavlovian and choice conditions, cOFC neurons displayed stronger
excitatory responses, particularly during reward-related events,
whereas pACC neurons showed more pronounced inhibitory respon-
ses, especially in aversive contexts. These distinctions were con-
sistently supportedby statistical comparisons of responseproportions
and firing rates. This complementary pattern suggests that the cOFC
primarily contributes to outcome valuation, whereas the pACC ismore
engaged in cost-related suppression and aversive processing within
affective decision-making circuits.

Dynamics of responses in the cOFC and pACC
To examine the relative timing of excitatory population responses in
the cOFC and the pACC, we developed a method to search for sig-
nificant increases in firing rate in the normalized data shown in Fig. 5
during the task period from 0 to 2 s by requiring that there be three
bins in a row with increased firing rates, where the bin size was 50ms.
To set an appropriate thresholdof significance for an individualbin, we
applied Bonferroni corrections for 38 comparisons (i.e., the number of
sets of 3 successive bins that are possible in the 40 bins comprising the
0–2 s range) to the standard p <0.05 significance threshold, and took
the cube root of that number to account for the fact that the false
alarm rate for three bins in a row is the cube of the false alarm rate for
one bin (p = (0.05/38)^(1/3)). We then computed the threshold of sig-
nificance at that p level from the inverse normal cumulative distribu-
tion function. The results are shown in several formats in
Supplementary Fig. 5a. The first column shows histograms of the

distributions of response times relative to the cue onset. The second
column shows a pseudocolor plot of the normalized firing rates for
units sorted by response time, with one unit on each row. The third
column shows cumulative distribution functions of the response times
across units. Note that each color raster plot (second column) contains
a number of units at the top that did not have any responses by the 3-
in-a-row criterion. They are included because they did have responses
by the chi-squared criterion. However, these units are necessarily not
included in the response time analyses because their response time
could not be determined. Supplementary Fig. 5b shows the overlaid
cumulative distribution functions for all four combinations of task
type and recording region. The timing distributions for responses to
the choice cues were significantly different between pACC and cOFC
(Kolmogorov–Smirnov test,p =0.030), aswere those for the Pavlovian
cues (Kolmogorov–Smirnov test, p =0.032). After 0.2 s, the choice cue
population response for the cOFC clearly has a faster rise during the
Ap-Av decision-making task than does the pACC, and this cOFC lead
also holds for the Pavlovian task in which the discriminative decision-
making is not required. Interestingly, the curves for the cOFC-choice
and cOFC-Pavlovian tasks overlap.

To determine how units in the two cortical regions responded
when only the red bar or the yellow bar was presented during Pavlo-
vian trials, we analyzed the effects of different cue/outcome sizes. We
had six different sizes/durations of reward/aversion (i.e., 30, 60, 90,
120, 150, 180), designed to cover the range of sizes/durations (5-200)
of the red/yellow bars in choice trials. We focused on four primary
events of interest: the reward cue, which relates to the red bar onset;
the airpuff cue, associated with the yellow bar onset; the reward
delivery onset, which follows the presentation of the red bar; and the
airpuff delivery onset, associated with the yellow bar’s presentation.
For each brain region and event of interest, neuronal firing rates were
plotted across time to assess visually potential changes in activity
related to specific events (Supplementary Fig. 6a). For each event and
brain region, we extracted neuronal activity data and calculated the
mean firing rates within the specified timewindows (i.e., 1 s before and
after the onset of each event; see Fig. 4b). To assess the significance of
the observed trends, we performed linear regression on the bar values
and calculated the t-statistic for the slope of the fitted line. The p-
values for the slopes were then computed to determine the sig-
nificance of the trends.

For the cOFC, we found significant positive effects for both the
reward cue (t(4) = 14.21, p <0.0001) and the airpuff cue (t(4) = 3.19,
p =0.03), indicating substantial changes in firing rates post-event. By
contrast, the pACC trends for both the reward cue (t(4) = 0.2, p =0.85)
and the airpuff cue (t(4) = − 1.35, p =0.25) did not reach significance, as
determined by the linear regression analysis mentioned above. During
the reward delivery event, the cOFC did not exhibit a significant trend
(t(4) = −0.29, p =0.78), but the pACCexhibited amarginally significant
effect (t(4) = − 2.55, p =0.06). For the airpuff delivery event, the cOFC
(t(4) = 6.33, p = 0.003) as well as the pACC (t(4) = 3.94, p = 0.0217)
exhibited significant positive trends, again indicating substantial
changes in firing rates post-event.

EMS applied to the cOFC alters approach-avoidance decision-
making
We performed 87 cOFC EMS sessions combined for the two monkeys,
and identified 28 sites at which EMS induced significant behavioral
changes (15 sites total for monkey P and 13 sites total for monkey D;
two-sided Fisher’s exact test, p <0.05). We used 1-1.5 s long trains of
biphasic pulses coincident with the choice cue period onset, with
either high (150–200μΑ) or low (5–15μA) currents (Fig. 1; greendotted
rectangles). Each site was stimulated during the middle block of the
Ap-Av EMS task, surrounded by blocks without EMS. To perform EMS
in a session, we required that choice behavior on the Ap-Av task be
stable across at least two consecutive days. Fig. 6a, b illustrate the
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results from a single stimulation session applied in the cOFC in which
non-significant change in the Ap-Av choices was observed. Of the
28 significant sites, 20 (71.4%) demonstrated a decrease in Ap and an
increase in Av, 5 (17.9%) elicited decreases in both Ap and Av, 2 (7.1%)
elicited increases in both Ap andAv, and 1 (3.6%) elicited increase inAp
and decrease in Av, during the EMS block. During the sessions in which
we observed statistically significant EMS effects (Fig. 6c–f), the effects

(increases in avoidance/approach choices) were generally more pro-
nounced at the beginning of a block and gradually faded as the block
progressed (Fig. 6g).

To analyze this temporal pattern, we divided each block of trials
into five equal segments and calculated the percentage of Ap and Av
trials within each segment, excluding error trials. Relative change was
determined for each segment by comparing the corresponding

Article https://doi.org/10.1038/s41467-026-69447-4

Nature Communications |         (2026) 17:2774 9

www.nature.com/naturecommunications


segment of the second block (Stim-on block), during which EMS was
delivered, with the matching segment of the first block (Stim-off
block), during which no EMS was applied. There remained a statisti-
cally significant increase in avoidance throughout almost the entirety
of a block (80%) relative to the sessionswithout an EMS effect (Fig. 6g).
There was a statistically significant decrease in approach trials in 60%
of the block’s trials, again compared to sessions without a significant
EMS effect.

In this analysis (Fig. 6a–f), two-sidedFisher’s exact testwas used to
evaluate whether there was a statistically significant difference in
choice behavior between two blocks of trials. For the entire data set,
consisting of Ap and Av choices, the choices were divided into those in
Block 1 (Stim-off block) and those in Block 2 (Stim-on block). The
difference in choice behavior between the two blocks was assessed,
comparing the total counts of Ap and Av choices. Separate two-sided
Fisher’s exact tests were then conducted for the Ap and Av choices to
identify whether there were separate increases in these behaviors. For
Ap choice, we compared the proportion of Ap choices between Block 1
and Block 2. A statistically significant increase in Ap choices in Block 2
compared to Block 1 would indicate an increase in Ap behavior; a
significant decrease would indicate a reduction. Similar analyses were
done for Av behavior to determine whether there was an increase or
decrease in Av behavior in Block 2 compared to Block 1.

The findings suggest that the cOFC can modulate avoidance
behavior by influencing decision-making processes involving cost-
benefit evaluations. Specifically, the cOFC appears to encode a nega-
tive bias in valuation, enhancing the weighting of aversive outcomes
over that of rewards. The increase in avoidance behavior induced by
EMS of the cOFC indicates that this region contributes to the assess-
ment of potential risks, promoting actions that favor avoidance when
potential aversive outcomes arepresent. This aligns with the proposed
function of the cOFC in integrating aversive and reward-related
information to guide adaptive behavior in situations involving Ap-Av
conflicts.

We further performed a basic event-related analysis, as shown in
Supplementary Fig. 7a. The results from the EMS blocks largely mir-
rored those from the standard Ap-Av sessions, showing a pre-
dominance of the cOFC across most task events, excepting reward
delivery events in both Ap and Av choices, when the cOFC appeared
more active than the pACC. This pattern contrasts with what we found
for the standard sessions, in which the airpuff delivery was the event
for which the pACC appeared more active. Notably, two of the three
reward delivery events, task avoidance reward onset (Av rew ON) and
Pavlovian reward delivery (Red bar REW), along with the highlight
around cross for choosing Ap (Ap highlight), were the only events for
which a statistically significant difference in spike counts in favorof the
cOFC over the pACC was found (Av rew ON: chi-square test = 6.54,
p =0.01; Redbar REW: chi-square test = 14.22,p =0.0002; Aphighlight:
chi-square test = 5.76, p = 0.02). An increase was found in the percen-
tage of neurons showing statistically significant activity during the
microstimulated cue events (Choice cue Onset, Red bar Onset, Yellow
bar Onset), but this result could have been confounded by EMS
artifacts.

In summary, following the cOFC EMS, a higher proportion of
cOFC neurons exhibited significant activity in response to reward,

suggesting a potentially greater involvement in or sensitivity to posi-
tive outcomes than exhibited by the pACCsamples. For Pavlovian trials
during the cOFC EMS (Supplementary Fig. 7b), there was a significant
negative parametric modulation of the firing rates proportional to the
size of the offered cue/outcome (t(4) = − 4.48, p =0.01). This finding
suggests that cOFC EMS may alter how the brain processes reward-
related information, potentially reducing sensitivity to larger rewards.
Such a shift could account for the increased avoidance behavior
observed following both low- and high-current EMS.

Autonomic and somatic responses during Ap-Av and Pavlovian
task performance
In addition to the electrophysiological data, wemade a series of other
measurements, including two autonomic (HRV and pupil diameter)
and two somatic (lick activity and RTs) factors during task perfor-
mance (Fig. 7). We confirmed that pupil diameter was affected by task
factors in addition to being affected by cue luminance (see Methods
and Supplementary Fig. 8). All of the physiological metrics were sig-
nificantly correlated with the simultaneously recorded behaviors, and
they were correlated with each other. For all four measurements, we
calculated the mean activity separately for Ap and Av trials, including
the period from the choice cue onset to just before the outcome
period onset, approximately 3.7 s, and then we took the difference
betweenAp andAv for eachmetric. Thematrices displayed around the
Behavior matrix in Fig. 7 correspond to differences in RT, HRV, pupil
diameter, and lick activity, plotted as thedifferencebetweenApandAv
choices.

For the Pavlovian trials, whichhada shorter duration ( ~ 3 s) due to
the absence of the decision/choice component (peripheral targets), we
also calculated the average activity for themetrics other than RTs from
the single cue (red or yellow bar) presentation until right before the
outcome period. We observed distinct patterns of variation with out-
come size/duration in lick activity, HRV, and pupil diameter across
reward and airpuff trials (Supplementary Fig. 9). Lick activity was, as
expected, higher in reward trials than in airpuff trials and decreased at
the smallest reward size. HRV followed aU-shapedpattern during both
reward trials and airpuff trials. This pattern suggests reduced auto-
nomic variability during intermediate outcomes and enhanced
engagement when outcomes were either highly rewarding or highly
aversive.

Changes in pupil diameter were more pronounced during airpuff
trials, with a notable decrease in diameter as airpuff sizes increased,
whereas pupil dilation varied little with reward size during the period
when reward anticipation could occur. For lick activity only, we
included 5 s before the cue period (which included the 1-s fixation
period and most of the inter-trial intervals) and the outcome period
until the offset of the reward delivery event for Ap and Av trials as well
as for Pavlovian trials, as we wanted to learn how the lick activity
changed throughout the course of a full trial (Supplementary Fig. 10).
In Choice trials, lick activity peaked at reward delivery, with small
variations at earlier trial events. The same pattern was visible in Airpuff
Pavlovian trials, but in Reward Pavlovian trials licking peaked most
strongly toward the end of the fixation period.

We computed Pearson’s correlation coefficients between every
pair of matrices in Fig. 7. HRV during choice trials was significantly

Fig. 5 | Differential firing patterns of pACC and cOFC units during choice and
Pavlovian trials in the Ap-Av task. Each panel displays a color raster plot of the
firing rates of individual units aligned on event onset, with three main compart-
ments: the top compartment consists of units that were unresponsive to each
event, the middle compartment (between the two dotted lines) contains the exci-
tatory units, and the bottom compartment contains the inhibitory units. The
middle vertical line indicates the onset of each event. A 2-s period before and after
the event onset is plotted. The y-axis of each panel represents the serial number of

each unit. The top two rows show the results from the choice trials: the first row for
pACC and the second row for cOFC. The bottom two rows present the results from
the Pavlovian trials: the third row for pACC and the fourth row for cOFC. Statistical
significance was tested using a two-sided chi-square test (p <0.05) during the 1-s
periods before and after the events. The heatmaps illustrate the variation in firing
rates (in Hz), with warmer colors indicating higher firing rates and cooler colors
indicating lower firing rates. Also see Supplementary Figs. 4 and 5. Source data are
provided as a Source Data file.
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correlatedpositivelywith observedbehavior (r =0.33,p <0.0001), RTs
(r =0.30, p < 0.0001) and pupil diameter (r =0.05, p =0.04), and was
negatively correlated with lick activity (r = −0.19, p <0.0001). Lick
activity was negatively correlated with observed behavior (r = −0.42,
p <0.0001), pupil diameter (r = −0.08, p =0.003), and RTs (r = −0.29,
p <0.0001). Pupil diameter (r = 0.18, p <0.0001) and RT (r =0.55,
p <0.0001) were both significantly correlated with observed behavior.

Analyses of the lick activity during the entire trial duration for both
choice trials exhibited an equal increase in licking activity for both trial
types (Ap or Av) before the monkeys received information about the
offer (Supplementary Fig. 10a).Once the offerwas presented, a slightly
elevated activity occurred for the trials ending in approach (green
color), continuing up until the outcome periods. During these out-
come periods, elevated licking activity occurred at different time
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points corresponding to the reward delivery times. During the Pavlo-
vian trials (Supplementary Fig. 10b), there was a sharp elevation in
licking activity during the fixation point for trials in which the monkey
would freely receive a reward (green color). This pattern suggests that
the monkeys anticipated the reward in the Pavlovian reward trials,
which were consistently presented 7-8 trials after the Pavlovian aver-
sion trials.

Modeling EMS effects in reinforcement learning agents
To explore the dynamics of adaptive strategies under the influence of
EMS, we employed linear advantage actor-critic (A2C) models, a sub-
class within the broader spectrum of reinforcement learning
algorithms51. Our model aimed to capture the general behavioral pat-
terns observed across bothmonkeys and all sessions in the Ap-Av task,
rather than fitting specific individual sessions.

In the Ap-Av task, the monkeys were considered to use both
potential rewards (x1) and risks (x2) in making their decision, as
described in previous studies16,52. Here, in the decision metric d is
calculated as:

d =a1ðx1 +b1Þ+a2ðx2 +b2Þ

where a1 and a2 represent the weights the agent assigns to each
observation, signifying their relative importance, and b1 and b2 are
biases that adjust the baseline values of the observations. The decision
to approach or to avoid is notmade directly fromd, but rather through
converting d into a probability via the logistic function47:

papproach = 1=ð1 + e^ð�dÞÞ

This probabilistic approach allows for optimal decision-making,
encapsulating the agent’s tendency toward either approaching or
avoiding based on its calculated confidence level. Our experimental
findings for the Ap-Av task indicated that EMS predominantly influ-
enced the monkeys by skewing decisions toward avoidance. To
simulate the effect of the EMS in our model, we introduced a para-
meter γ and a baseline decision bias term β, modifying the decision
metric to be:

d =a1ðx1 +b1Þ+ γa2ðx2 +b2Þ+β

The γ parameter allows us to modulate the effect of the aversive
stimulus (x2) on the decision-making process. When γ increases, it

amplifies the weight of the aversive stimulus, simulating the effect of
EMS in increasing avoidance behavior.

We applied this model to behavioral data from 9542 trials from
monkey D across 13 sessions and 9757 trials from monkey P across
15 sessions, in which statistically significant behavioral change was
induced. Each trial represented the monkey’s approach/avoidance
decision given specific reward and aversion offer values. The model
was fit separately for baseline and EMS conditions using maximum
likelihood estimation. We computed point estimates for all para-
meters, 95% confidence intervals via bootstrapping (1000 resamples),
and statistical comparisons using paired t-tests. For monkey D, γ
increased from 0.10 (95% CI: 0.10 to 0.21) in baseline to 0.19 (95% CI:
0.11 to 0.31) under EMS, an 83.7% increase (t = −43.25, p < 0.0001). The
β parameter also became more negative, shifting from −0.53 (95% CI:
−0.79 to −0.32) to −0.94 (95% CI: −1.16 to −0.74; t = 81.09, p <0.0001),
indicating a stronger baseline avoidance bias. For monkey P, γ
increased from 0.43 (95% CI: 0.34 to 0.56) to 0.68 (95% CI: 0.56 to
0.80), a 58.1% increase (t = −104.42, p <0.00001). The β parameter
changed slightly from −1.09 (95% CI: −1.29 to −0.90) to −1.10 (95% CI:
−1.33 to −0.90), with a statistically significant difference (t = 2.20,
p =0.03). These modeling results demonstrate that EMS increases
aversion sensitivity (γ) in both monkeys, and also enhances baseline
avoidance tendencies (β).

We illustrate in Fig. 8 how cOFC EMS modulates cost-benefit
decision-making in monkeys P and D using an A2C reinforcement
learning framework. Figure 8a, b and Fig. 8c and d show aggregated
behavioral data across all significant sessions from, respectively,
monkeys P and D. Red and green points denote Av and Ap choices.
Logistic regression decision boundaries are shown for baseline (solid
black line) and EMS (dashed black line) conditions. In both monkeys,
EMS shifts the decision boundary, indicating an altered weighting of
aversion versus reward. To further explore the effect of EMS intensity
on decision-making, we simulated the A2Cmodel under systematically
increasing aversion sensitivity values (γ = 1.10 to 1.50), holding β con-
stant. Figure 8e demonstrates how higher γ values lead to steeper de-
cision boundaries and stronger avoidance behavior, even when
external stimuli remain constant. These patterns reflect amodel-based
interpretation of how EMS might increase the brain’s perceived
salience of aversion, thereby shifting the behavioral strategy
toward avoidance. Figure 8f shows mean γ values across significant
sessions for both monkeys during baseline and EMS blocks, high-
lighting a consistent trend toward increased aversion sensitivity
under EMS.

Fig. 6 | Effects of EMS on decision-making. a A sample EMS session, demon-
strating stable behavior (non-significant increase/decrease of approach/avoidance
behavior) in the Stim-off block and Stim-on block with high current EMS (150–200
μΑ). bMatrix plot of t-scores during high current EMS. c An EMS session in which a
small but significant increase occurred in avoidance behavior during EMSwith high
currents. d Matrix plot of t-scores during high current EMS. An EMS session
demonstrating significant effects between the blocks during low current EMS (5–15
μΑ,e), andmatrix plotof t-scores during lowcurrent EMS, between the Stim-off and
Stim-on block (f). g Relative change of approach and avoidance behavior during
sessions in which EMS had a statistically significant effect (two-sided Fisher’s exact
test, p <0.05; left panel, 29 sessions) and sessions that did not have a statistically
significant effect (right panel, 64 sessions; see Methods). Each block of trials was
divided into five equal segments, and the percentageof Ap andAv trialswithin each
segment was calculated. For EMS-significant sessions, avoidance changes across
segments were 75.9 ± 18.4%, 67.6 ± 26.7%, 39.8 ± 15.6%, 37.2 ± 11.9%, and 9.7 ± 4.7%,
while approach changes were −22.8 ± 3.0%, −12.4 ± 4.7%, −1.8 ± 9.6%, −9.3 ± 7.8%,
and −4.2 ± 5.1% (n = 28 per segment). For EMS-non-significant sessions, avoidance
changes were 22.6 ± 6.2%, 13.0 ± 5.4%, 13.8 ± 4.0%, 5.9 ± 4.6%, and 4.6 ± 3.4%, and
approach changes were −4.4 ± 2.4%, −1.7 ± 2.1%, −3.8 ± 1.9%, 4.1 ± 4.0%, and

−0.8 ± 2.3% (n = 63 per segment). Between-group comparisons for each segment
were performed using two-sided t-tests (avoidancep =0.0008, 0.006, 0.03, 0.004,
0.39; approach p = 2.9 × 10⁻⁵, 0.02, 0.78, 0.10, 0.48). No adjustments for multiple
comparisons were applied. Relative change of approach and avoidance behavior
during sessions inwhich EMShada statistically significant effect (two-sidedFisher’s
exact test, p <0.05, left panel, 29 sessions) and sessions that did not have a sta-
tistically significant effect (right panel, 64 sessions; see Methods). Each block of
trials was divided into five equal segments, and the percentage of Ap and Av trials
within each segment was calculated. h Decision boundaries from 10 consecutive
testing sessions in which the monkeys exhibited stable behavior (left panel) and
those inwhich themonkeys exhibitednon-stablebehavior (two-sided Fisher’s exact
test, p <0.05). i Coronal MRI slices at AP + 32mm, +30mm, and +28mm, refer-
enced to the center of the ear bar. Slice positions were determined based on the
actual physical distance from this origin, using the native MRI coordinate system.
Red asterisks indicate sites at which EMS induced a statistically significant beha-
vioral effect (two-sided Fisher’s exact test, p <0.05). Seemethods for details on the
construction and analysis of decision matrices. Also see Supplementary Fig. 7.
Source data are provided as a Source Data file.
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Econometric model
As an independent validation of the findings obtained with the mod-
eling procedures applied above, we ran a separate econometric ana-
lysis using logistic regression (Fig. 8g). Specifically, we fitted a logistic
regression model without an intercept by using the MATLAB function
glmfit (logit link, constant off). For each session, we estimated separate
regression coefficients for reward and aversion under baseline and
stimulation conditions, denoted as b(1) and b(2), respectively.We then
computed a sensitivity ratio, γ, defined as the aversion coefficient
divided by the reward coefficient (γ = b(2)/b(1)). Given that b(1) is
typically positive and b(2) is negative, γ is usually negative. A more
negative γ reflects increased aversion sensitivity (greater weighting of
cost relative to benefit), and a γ closer to zero indicates reduced
aversion sensitivity. We denoted the change in γ (Δγ = γstimulation −
γbaseline), where stimulation represents the EMS block and baseline the
pre-stimulation block. This analysis demonstrated that in the model,
stimulationmodulated aversion sensitivity in a subset of sessions, with

a general trend toward stronger avoidance behavior (i.e., more nega-
tive Δγ) in significant cases.

A Wilcoxon rank-sum test (Mann-Whitney U test) confirmed that
Δγ differed significantly between effective and non-effective sites
(p < 0.0001, z = −4.10), justifying the use of non-parametric statistics
due to non-normal distributions. Furthermore, separate Wilcoxon
signed-rank tests demonstrated that Δγ differed significantly from
zero in both groups (p = 0.0005 for significant sessions; p =0.02 for
non-significant sessions), indicating that stimulation influenced aver-
sion sensitivity across the board, most robustly in significant cases.
This pattern supports the idea that cOFC EMS systematically altered
the cost-benefit computations in a subset of sessions. Thus, across
different modeling schemes, the models captured the directional
effects of cOFC EMS on decision boundaries, highlighting how cOFC
activity influences cost-benefit valuation and behavioral strategy dur-
ing Ap-Av conflict.

Fig. 7 | Correlations between physiological metrics and behavioral responses
during Ap-Av task. The metrics displayed include lick activity, RT, HRV, and pupil
diameter, averaged from cue onset to outcome onset. Each subplot shows these
metrics against reward amount (%) and airpuff amount (%). Significant correlations
are highlighted with arrows and correlation values. All correlations were calculated
using two-sided Pearson tests, and the exact statistics for the relationships shown in
the diagram were: RT-Decision (r =0.55, p = 3.8 × 10⁻¹¹⁹); HRV-RT (r =0.30,
p = 9.9 × 10⁻³³); HRV-Decision (r =0.33, p = 1.2 × 10⁻⁴⁰); HRV-Pupil (r =0.05,
p =0.042); Lick-RT (r = −0.29, p = 7.5 × 10⁻³⁰); Lick-Decision (r = −0.42,

p = 9.0 × 10⁻⁶⁵); Lick-HRV (r = −0.19, p = 1.0 × 10⁻¹³); Lick-Pupil (r = −0.08,
p =0.003); Pupil-RT (r =0.09, p =0.0007); and Pupil-Decision (r =0.18,
p = 3.6 × 10⁻⁸). The central panel consolidates these findings, depicting behavior as
a function of reward amount (%) and airpuff amount (%), and emphasizing the
collective impact of these physiological measures on the decision-making process
in the Ap-Av task. The decision boundary in the physiological data plots is identical
to the decision boundary during the respective behavior, for illustration purposes.
No adjustments for multiple comparisons were applied. Also see Supplementary
Figs. 1, 2, and 8–10. Source data are provided as a Source Data file.
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Discussion
Our findings in macaque monkeys point to four main conclusions. We
consider these in sequence below.

First, there are significant differences in the neural activity of well-
isolated units recorded in the cOFC and pACC during the performance
of both the Ap-Av conflict decision-making and Pavlovian trials. The
recordings for the cOFCwere the first to specifically focus on themost

caudal part of the large OFC region, which partly overlaps with the
striosome-projecting OFC. This work thus complements findings for
more rostral and medial OFC regions analyzed in earlier
studies22,23,27–29. Ourfindings for the pACCextend those of our previous
studies38,39 (and references therein). The units that we encountered in
this caudal OFC subdivision exhibited a balanced response pattern,
with similar percentages of excitatory and inhibitory responses,
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particularly in response to airpuff and reward cues. The balanced
mixture of excitatory and inhibitory responses in the cOFC subdivision
suggests a heterogeneous and flexible coding scheme, which could
support the integration of both reward and aversion signals during
value-based decision-making. The balance of excitatory and inhibitory
responses is also aligned with evidence that the cOFC can dynamically
adjust its output to respond appropriately to varying motivational
contexts, thereby maintaining flexible and adaptive states53,54.

By contrast, the units that we recorded in the pACC exhibited a
predominance of inhibitory responses, mainly during the cue period.
The functional implications of this inhibitory bias remain to be clar-
ified, but contrast with the more balanced excitatory and inhibitory
responses recorded in the cOFC. This contrast suggests the presence
of region-specific coding strategies rather than a direct encoding of
aversive value, favoring the possibility that there are region-specific
cOFC-pACC network dynamics during affective decision-making. This
interpretation is consistentwith our unit count andfiring rate analyses,
which showed a predominance of inhibitory responses in the pACC
and amore balanced profile in the cOFC, particularly during outcome-
related periods. Even non-significant units exhibited systematic mod-
ulation, indicating that weakly responsive populations could con-
tribute to region-specific encoding of motivational valence. The high
level of unresponsive units found in these regions, as found previously
for the pACC16, suggests that they likely are engaged in processes
outside the immediate scope of ourmeasurements, including network
effects38 or that they have a more selective role in responding to cer-
tain types of stimuli55

Second, the patterns of response during the cue period across
both choice and Pavlovian trials were stable in the cOFC and pACC,
suggesting that these regions could share a function in inducing or
reflecting this stabilization. The analyses during the Pavlovian trials
helped to delineate the differential involvement of cOFC and pACC
neurons in response to single rewarding and aversive cues (Supple-
mentary Fig. 6b). In the cOFC, both cue events show a significant
positive trend, indicating a substantial increase in firing rates post-
event. The pACC population, however, exhibited a significant positive
trend during both outcome events, suggesting increased neuronal
activity in response to these events. Other events either showed non-
significant trends or trends that were not strong enough to reach
conventional levels of statistical significance.

These trends indicate that the cOFC is significantly activated by
both positive and negative choice cue stimuli, indicating a putative
role in anticipation of reward and aversion. The pACC population
responded especially to outcome, both positive and negative, high-
lighting its putative involvement in processing potential rewards,
threats or losses. Moreover, the cumulative distribution analysis indi-
cated that in both the Ap-Av and Pavlovian tasks, the rise in activation
of the cOFC population preceded in time the rise in activation of the
pACC population activity recorded. Together, these findings suggest
that different neural circuits, including here for the cOFC and pACC,
can be involved in evaluating different aspects of cost-benefit deci-
sions, giving a glimpse both in time and space of how the brain navi-
gates complex decision-making challenges that entail both positive
and negative outcomes.

These findings could yield insights into neural mechanisms
underlying mood-related disorders such as major depressive disorder
(MDD). The balanced excitatory responses to salient rewarding and
aversive offers in the cOFC that we observed in the monkeys might
reflect a neural mechanism that, if conserved in humans, could, when
disrupted, contribute to MDD symptoms such as anhedonia or
heightened sensitivity to either positive or negative stimuli2. The pre-
dominant inhibitory response in the pACCcould indicate amechanism
for regulating values derived from the integration of positive and
negative emotional responses and cognitive processes, potentially
contributing to the dysregulation seen inMDD1. Extendingourfindings
could thus have relevance for the clinic.

Thirdly, our findings demonstrated that EMS of the cOFC with
both high (150–200μA) and low (5–15μA) currents effectively induced
avoidance behavior in the monkeys, indicative of a pessimistic shift in
decision-making. This effect was not only observed behaviorally but
was also captured by our reinforcement learning model (Fig. 8). The
model showed that EMS could be simulated by increasing the gamma
(γ) parameter, which amplifies the weighting of aversive outcomes
over rewards. This shift in γ resulted in a systematic increase in
avoidance behavior, mirroring the behavioral changes observed in the
monkeys. Therefore, both our experimental findings and themodeling
suggest that cOFC microstimulation causally biases monkeys’ deci-
sions toward avoidance. We could not determine whether this effect
reflected an increased perception of cost, enhanced salience of aver-
sive outcomes, disrupted cost-benefit integration, altered decision
stochasticity, or other processes. Nevertheless, our results are con-
sistent with experimental evidence that OFC microstimulation can
modulate specific decision-making parameters, such as value sensi-
tivity and choice variability, depending on the timing and context of
stimulation27.

We note that to consider whether the behavioral effect of cOFC
microstimulationmight result fromnon-specific aversiveness, wedrew
onpriorfindings that comparable stimulation in the pACCand caudate
nucleus did not elicit significant autonomic arousal16,40. We have found
that subgenual ACC stimulation produces a mild increase in skin
conductance38, but its magnitude was far smaller than that evoked by
aversive airpuffs. These observations suggest that the shift toward
avoidance in our study is unlikely to reflect direct aversiveness of the
stimulation itself, but instead may reflect altered value or conflict
processing.

Finally, our experiments revealed consistent correlations between
neuronal activity and distinct autonomic and somatic responses
recorded during Ap-Av conflict decision-making. The significant cor-
relation between HRV and observed behavior is important in light of
evidence that HRV is a reliable indicator of emotional and stress
responses, which can influence decision-making56,57. The positive cor-
relation between the difference in HRV and the difference in RTs fur-
ther strengthens the notion that autonomic activity supports the
performance of cognitively demanding tasks, in this case, planning and
executing saccades to the correct target to implement the monkey’s
Ap or Av decision58. Similarly, the correlation between pupil diameter
and behavior highlights the importance of arousal and attentional
mechanisms. Pupil diameter is a well-established marker of cognitive

Fig. 8 | Modeling stimulation-induced shifts in cost-benefit decision-making.
Aggregated behavioral data from monkey P (a, b) and monkey D (c, d) across
significant sessions, modeled using anA2C reinforcement learning framework. Red
and green dots represent Av and Ap decisions, respectively. Decision boundaries
were estimated via logistic regression under baseline (Stim-off; solid black line) and
Stim-on (dashed black line) conditions. In both monkeys, EMS shifted the decision
boundary, reflecting an altered weighting of aversion and reward. e A2C model
simulations showing how increasing γ (aversion sensitivity) values alter decision
boundaries under fixedβ values, for eachmonkey. fA2Cmodel parameters:Mean γ

(aversion sensitivity) during Stim-off and Stim-on blocks, separately for each
monkey across significant sessions ( ± SEM; monkey P: n = 15 sessions; monkey D:
n = 13 sessions). g Econometric model: Boxplots show Δγ across significant and
non-significant sessions. The center line represents the median, the bounds of the
box denote the 25th and 75th percentiles, and the whiskers extend to the most
extreme data points within 1.5× the interquartile range. A more negative Δγ indi-
cates enhanced sensitivity to aversion under EMS. Source data are provided as a
Source Data file.
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and emotional processing59,60. Increased pupil diameter is associated
with greater cognitive load and decision uncertainty61. The negative
correlations between the difference in lick activity and both observed
behavior and the difference in RTs during choice trials suggest that
licking behavior, potentially indicative of anxiety or arousal, inversely
affects decision speed and accuracy. Themonkeys lickedmore during
Ap trials with high airpuff and small reward cues compared to their
licks in Ap trials with large rewards and small airpuff cues, suggesting
heightened anticipatory behavior or anxiety in these relatively aversive
conditions (Supplementary Fig. 1b). This form of anticipatory anxiety
has been observed in many species across the animal kingdom,
including in monkeys, highlighting its role in preparing animals for
expected stressors and their potential impact on behavioral
responses62,63. The observed relationships among these physiological
metrics further emphasize their interconnected nature. For instance,
the significant correlation between HRV and pupil diameter suggests a
link between autonomic regulation and attentional mechanisms, cor-
roborating the idea of a shared underlying system influencing both64.
Anticipatory anxiety can lead to increased stress responses and
behavioral changes, highlighting the importance of these responses in
understanding the pathology of mood disorders and the potential for
targeted therapeutic interventions65,66. Thus, our findings suggest
strong ties between neural activities in the cOFC and pACC and both
autonomic and somatic components of behavior accompanying these
activities. We propose that these findings could advance insight into
the brain-body axes that characterize salient and motivationally chal-
lenging behavioral states.

The pACC and cOFC are reciprocally connected17 (and references
therein) and send outputs to subcortical structures. Notably, the
pACC, along with the subgenual ACC and the cOFC, is a limbic system-
related cortical region that receives direct inputs from the amygdala34.
Both the pACC and cOFC have preferential projections to the strio-
some compartment of the striatum, especially to the striosomes in the
anterior caudate nucleus and the adjoining rostral part of the
putamen35,36.

There are limitations of our study that should be mentioned. The
findings are based on only small subsets of the many thousands of
neurons in the cOFC and pACC, and we cannot assess the degree to
which differential sampling biases between the cOFC and pACC
recordings may have influenced the results. Identifying the neuronal
types corresponding to those from which we recorded will help to
clarify these issues. Our analyses demonstrated consistent covariation
between cOFC activity, behavioral choices, and autonomic responses,
including trial-by-trial associations with RT, pupil diameter, and heart
rate (Fig. 7, S8–S10), but we realize that these relationships remain
correlative. The autonomic measures were not directly modeled, but
could reflect internalmotivational states that weremodulated by EMS.
Clarifying the temporal structure and directionality of these associa-
tions will require future modeling work, which should in turn help to
specify how such neuronal signals contribute to coordination of
motivational, autonomic, and behavioral states during decision-
making.

We were able by using cOFC EMS to suggest a causal relationship
between cOFC activity and pessimistic decision-making, recalling the
results of high-current EMSdelivered to the pACC.Ourfindings further
demonstrate that the neuronal responses during the Ap-Av decision-
making, as representedby the activity of the neuronal populations that
we recorded, have different kinetics, with the cOFC populations
responding earlier during the decision period than the pACC popula-
tions recorded, potentially leading activity in the broader OFC-pACC-
prefronto-striosomal network38. In sum, our evidence suggests that
this cOFC activity is causally related to this early decision-making, that
it can be biased by external microstimulation, and that it can lead and
thus potentially drive activity of the cOFC-pACC network as a whole,
which is synchronized with multiple autonomic and somatic activity

patterns indicative of brain-body synchronization. Given these find-
ings, studies employing pathway-specific interventions and circuit-
level recordings should be poised to determine how cOFC-pACC-
striosomal circuits contribute to affective decision-making in health
and to the development of maladaptive behaviors characteristic of
mood disorders.

Methods
Subjects
TwoMacacamulattamonkeys, onemale (P, 15.4 kg) andone female (D,
9.1 kg), were studied in experiments that strictly adhered to the Guide
for Care and Use of Laboratory Animals of the United States National
Institutes ofHealth. All experimentalprocedureswere approvedby the
Committee on Animal Care of the Massachusetts Institute of Tech-
nology. Prior to training, both monkeys underwent a habituation
process that acclimated them to a seated position in a monkey
restraining chair and ensured a proper facemask fit. All surgical pro-
cedures were performed under sterile conditions with deep anesthe-
sia. Postoperative analgesics were administered to the monkeys.
Prophylactic antibiotics were injected intramuscularly on the day of
the surgery and were continued daily for the subsequent week.

Task procedures
The initial phase of training aimed to acquaint naive monkeys with the
testing environment and basic task structure. Monkeys were first
presented with a large central white fixation point occupying half of
the screen. The goal was to have them fixate on this point, beginning
with short durations, such as 50ms. Over time and with consistent
training, the size of this fixation point was gradually reduced, and the
duration of required fixation was increased. This progression con-
tinued until monkeys could consistently maintain their gaze for up to
1 s. After establishing consistent fixation behavior, the monkeys were
introduced to the red and yellow bars. At this introductory stage, both
bars represented positive outcomes. Different sizes of these bars were
displayed to match different sized outcomes to emphasize the sig-
nificance of size in the upcoming tasks and to instill the understanding
that size matters.

As the training progressed, specific associations were assigned.
The red bar continued to be associated with a positive outcome and
was now consistently linked with a white cross. The yellow bar, which
had initially indicated a positive outcome, was now consistently linked
with a white square (undergoing a transformation later in the Ap-Av
task, when it began to signify a negative outcome). Training continued
with the Ap-Ap task, in which both choices led to positive outcomes.
During a typical choice trial, the sequence began with the monkey
fixating on the central fixation point for up to 1 s. Then, the cue offer
was presented, with two abutted red and yellow bars of random sizes,
followed by peripheral symbols representing the outcomes linked to
the red (cross) and yellow (square) bars, which appeared for 1 s. The
monkey was required to fixate on one of these symbols for at least
200ms, indicating its choice. A successful choicewas confirmedwith a
yellow highlight circle around the selected symbol, whereas a failure to
decide within the given time rendered the trial invalid.

Following a correct choice, an interval of 600–800ms preceded
the outcome, which corresponded to the chosen bar’s association. If
fixation was broken at any point during the task, a penalty in the form
of a 5-s delay was imposed before the initiation of the next trial. Upon
mastering the Ap-Ap task, monkeys moved to the Ap-Av task, in which
the choices were associated with contrasting outcomes: positive for
the red bar and negative for the yellow bar. In the Ap-Av task, the
concept changed; instead of choosing between the two bars, the
monkeys had to decide whether to approachor to avoid the presented
offers by making a saccade to the cross (to approach) or to the square
(to avoid). After solidifying their understanding of the Ap-Av task,
monkeys tackled the Ap-Av-Ap-Ap format. The Ap-Av (first and third
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block) and Ap-Ap (second and fourth block) tasks were given in an
alternating sequence. Mixed into these primary tasks were the Pavlo-
vian cue trials, which required no decision-making and constituted
around 15% of all trials. The trials consisted of bars of certain sizes/
dimensions: 30 (bar size: 5.5 × 8.5mm), 60 (bar size: 11 × 8.5mm), 90
(bar size: 16.5 × 8.5mm), 120 (bar size: 22 × 8.5mm), 150 (bar size:
27.5 × 8.5mm), and 180 (bar size: 33 × 8.5mm).

Recording setup
After the behavioral training phase, individualized recording cham-
bers, informed by 3 T MRI coordinates, were implanted. These coor-
dinates were derived from T1-weighted (0.5mm isotropic) and T2-
weighted (0.35mm isotropic) MRI scans, which provided a detailed
view of the skull surface. Gray Matter Research fabricated these
chambers, which were implanted on both monkeys (P and D) so as to
allow access to a significant part of the OFC and the anterior striatum.
Several weeks following chamber installation, a craniotomy was per-
formed to expose the dura mater. The chamber was sealed using sili-
cone elastomer (Kwik-Sil) applied directly to the dura mater. To
pinpoint the exact coordinates for each electrode track, an MRI scan
was made with the chamber and grid67

filled with a solution of saline
combined with a 5% gadolinium contrast agent. Approximately two
weeks later, the electrode array implant surgery took place. Chambers
were fitted with grids that featured an array of openings (40 × 30mm),
each with a diameter of 0.48mm and a center-to-center distance of
1mm. Probes were secured onto microdrives, so that they could be
inserted by screw-controlled adjustments (158 µm per complete turn).
Custom-mademicromanipulators held all these electrodes in place on
the grid. TheMRI (T1- and T2-weighted images, 0.5mmslice thickness)
with the chamber and grid infused with saline and the 5% gadolinium
contrast agent allowed the coordinates of each electrode track to be
determined. Under anesthesia and in sterile conditions, platinum-
iridium electrodes (with impedances ranging between 0.8–1.5 MΩ;
FHC Inc., Bowdoin, ME) were implanted. For monkey P, 57 electrodes
were implanted: 20 in the pACC and 37 in the cOFC. Monkey D was
implanted with 48 electrodes: 15 in the pACC vicinity and 33 in the
proximity of the cOFC.

Recording of physiological activity
To characterize the internal behavioral states of the monkeys during
task performance, wemeasured licking, pupil diameter, pulse, and RT.
Licking was quantified by summing the absolute values of mouthpiece
acceleration in three dimensions, using data from a three-axis accel-
erometer (SparkFun, MMA8452Q) attached to the mouthpiece that
delivered liquid reward. These signalsweredirectly routed to the input
of the electrophysiology system (SXNeuralynx) after being attenuated
tomatch the system’s input range ( ± 5mV). This allowed synchronous
recording with neural electrical activity at the same sample rate. Fur-
ther processing of the signals was performed using MATLAB 2018a, in
which relevant features were extracted from the raw data. The three-
dimensional licking signal was obtained by summing the absolute
values of the signals from the X, Y, and Z dimensions. The combined
signal was low-pass filtered at 10Hz to remove high-frequency noise.
The filtered signal was then downsampled from 32 kHz to 1 kHz to
reduce data size and to facilitate further analysis. The processed lick-
ing signals were saved for subsequent analysis.

To generate the graphs shown in Supplementary Fig. 10, the
licking activity for each trial wasfirst interpolated tomatch the average
trial length of each trial type in each session with the MATLAB interp1
function. This standardization was done to ensure consistency across
the same type of trials within each session. At each time point, an
average was calculated across all trials. The trial average time course
was then interpolated for each session to match the average trial
length across all sessions. The interpolated waveforms were then

averaged across all sessions. Finally, error bars were calculated to
represent variability as the standard error of themean across sessions.

Pupil diameter was measured using an infrared eye-tracking sys-
tem (SR Research, EyeLink 1000) designed for the visually guided task,
with signals also routed to the electrophysiology system post-
attenuation. There were two conditions under which a valid pupil
diameter measurement was not possible. First, during blinks, or when
themonkeywas fully asleepwith eyes closed, the pupil diameter signal
dropped to an impossibly low value that we refer to here as blink level.
Second, when the monkey was drowsy but not fully asleep, the eyes
were typically half-closed and produced a pupil diameter signal that
varied rapidly between the blink level and a potentially plausible dia-
meter reading. Those two types of signals were marked as follows.
First, we marked all individual samples whose values were at blink
level. Thenwe computed the fraction of blink level samples in a sliding
window90mswide across the entire session.We identifiedblinky time
periods in which every 90mswindow contained at least one blink level
sample, and analyzed them further to determine whether they repre-
sented eyes half-closed or well-formed blinks. A well-formed blink was
required to contain at least one sample where the 90ms window
contained 100% blink level values, and to be surrounded by at least
90ms before and afterward where the 90ms window contained 0%
blink level values. The sample values in well-formed blinks were left
unmodified. All other blinky time periods had their sample values
replaced by a blink level value, making them appear similar to periods
when the monkey’s eyes were fully closed. These cleaned data were
low-pass filtered and downsampled by a factor of 32. The resulting file
was read, and all blink level values were replaced by NaN (Not-a-
Number), so that they would not be included in calculations of the
average andmedian pupil diameter. One such value was computed for
every trial using samples fromcue onset to outcomeonset, with values
for choice and Pavlovian trials saved separately in a.mat file.

We did not attempt to match the luminance of the choice cues
across different combinations of reward size and airpuff size, as the
resulting changes in brightness could have confused the monkeys. To
control for the effect of total luminance on pupil size, we compared
pupil responses during Ap-Ap trials to those during Ap-Av trials from
sessions that combined blocks of both trial types, as was done in the
original Amemori study39. Supplementary Fig. 8 shows the residual
variation in pupil size that cannot be accounted for on the basis of cue
luminance, obtained by subtracting the pupil diameters measured in
Ap-Ap trials from those measured in Ap-Av trials. This procedure can
also be expected to remove the variance due to the general decision-
making process per se, leaving only the variance due to decision-
making under conflict. The twomonkeys showed different patterns of
pupil responses across the decision matrix plane, and, to verify that
these patterns were not due to random statistical variation, we ran
single-sample and paired-sample t-tests to verify that the differences
between Ap-Av and Ap-Ap responses were significantly non-zero, and
that the high points and low points were significantly different from
each other, respectively. For monkey D (Supplementary Fig. 8, left
panel), the bin numbered 19 for airpuff and 11 for reward size was non-
zero at a significance level of p =0.04, and that for airpuff 8, reward 5
was non-zero at p = 7.0 × 10−5; the two bins differed from each other at
p =0.0009. For monkey P (Supplementary Fig. 8, right panel), the bin
at airpuff 1, reward 18 was non-zero at p =0.003, that at airpuff 8,
reward 1 was not significantly different from 0, and the two bins dif-
fered from each other at p =0.0003.

Pulse measurements were obtained from an ear-clipped oximeter
(SparkFun, SEN-11574), processed similarly to licking and pupil dia-
meter signals, and downsampled to 1 kHz. HRV metrics were derived
by detecting peaks in the z-score normalized oximeter signal, calcu-
lating intervals between peaks, and computing the standard deviation
of these intervals (RRstd) within defined target-period task windows.
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Raw oximeter traces were recorded at 32 kHz, low-pass filtered with a
zero-phase fourth-order Butterworth filter with a 100Hz cut-off, and
decimated by a factor of 32 to align with the 1 kHz behavioral streams.
Pulse peaks were detected with theMATLAB findpeaks function, using
a prominence threshold of three standard deviations and a minimum
inter-peak interval of 250ms. Instantaneous HR and RRstd were cal-
culated from cue onset up to, but not including, outcome onset
( ≈ 3.7 s in Choice trials and ≈ 3.0 s in Pavlovian trials) and retained in
their native units for all subsequent analysis.

RT was defined as the time needed between choice cue offset and
the choice to saccade on one of the two peripheral targets, cross or
square symbol, for, respectively, choosing Ap or Av. These were
recorded from our electrophysiology system as well as from the
behavioral task system (NIMH MonkeyLogic) controlling event
sequences68.

We calculated the difference in average RTs between approach
and avoidance choice trials across all session types. RTs were binned
based on reward and airpuff levels, with each bin covering 5% incre-
ments for both reward and airpuff amounts. For each session, average
RTs for approach and avoidance trials were separately computed by
summing and counting within each bin. The difference was then taken
between the Ap RT and the Av RT. To highlight patterns across ses-
sions, these differences were averaged and plotted as heatmaps. We
smoothed the RT difference data by applying a Gaussian filter using
the MATLAB fspecial function to create the filter kernel, and then
convolved it with the data using the imfilter function, which helped in
reducing noise and improving the clarity of the heatmap visualization.
A decision boundary derived from the econometricmodel (see below)
was overlaid to indicate regions of behavioral transition between
approach and avoidance decisions. The color scale represents the
difference in RTs (approach − avoidance). The same procedures were
applied to all physiological differential Ap-Av matrices.

The relationship between the physiological metrics was further
investigated by calculating the Pearson correlation coefficients
between pairs of difference variables: pupil size difference, RT differ-
ence, decision difference, HRV difference, and licking behavior dif-
ference. Prior to the correlation analysis, we performed data
preprocessing to ensure the validity and reliability of the results.
Specifically, we flattened any matrix-form data into one-dimensional
vectors to standardize the data structure across all variables. We then
removed any observations containingNaN values or zeros in any of the
variables, as these could represent missing or non-informative data
that might skew the correlation results. This ensured that all data
vectors remained aligned and of the same length. The Pearson corre-
lation coefficient was then calculated for each variable pair. Alongside
the correlation coefficients, we computed the associated p-values to
assess the statistical significance of the observed correlations.

Econometric modeling
Tocalculate the internal variables or parameters and tounderstand the
decision-making processes of monkeys, we employed an econometric
model to approximate the monkeys’ choice behavior. This model is
fundamentally based on the assumption inherent in discrete choice
models, where the choice alternatives must be mutually exclusive,
choosing one option precludes selecting another, and exhaustive,
meaning all possible choices are included and are finite in number.We
used the conditional logit model, the most common and widely
adopted model for analyzing discrete choice behavior.

Three axiomswere essential for the application of thismodel16: (1)
the subject is a utility-maximizing decision-maker; (2) utilities can be
represented as the linear sum of a representative term and an error
term, i.e., U+ + e+ for one choice and U□+ e□ for the other; and (3) the
error term, represented as ej (j = + or □), is independently and iden-
tically distributed. Within the context of the sampled monkeys’ deci-
sions, we can infer these subjective values in reverse. If there are two

options (denoted as + and □ targets), the probability of choosing +
targets can be expressed as p+ =1/(1+exp(-(U+ - U□))), where U+ and U□

represent the representative utilities of each option.

Stepwise regression
Weperformedmultiple regression analyses to examine the patterns of
neuronal activity during the cue period in the Ap-Av task across all
session types. To identify an optimal set of variables that linearly
parameterized neuronal responses, we used a stepwise regression
approach through the MATLAB stepwisefit function (MathWorks,
Natick, MA). This method iteratively adds or removes variables from a
linear model based on their statistical significance, as determined by a
series of F-tests. It starts with a preliminary model and assesses the
impact of including or excluding each variable on the model’s expla-
natory power, using the p-value of the F-statistic as a measure for
comparing models with or against each additional variable. The
threshold for determining a variable’s significance was a p-value less
than 0.05.

In our analysis of the Ap-Av task, the selected variables included:
Rew (reward value indicated by a red bar), Ave (airpuff duration indi-
cated by a yellow bar), Eutil (expected utility in the Ap-Av scenario),
Cho (binary indicator for approach [1] or avoidance [0] choices),
Cho*Rew (interaction between choice and reward), Cho*Ave (interac-
tion between choice and airpuff duration), Conf (presence of deci-
sional conflict), andRT. These variableswere chosen for their potential
to elucidate the underlying factors influencing neuronal activity pat-
terns associated with decision-making in these tasks (Fig. 4).

Pavlovian trials
To assess changes infiring activity across different levels of reward and
aversion in the cOFC and pACC, we computed themean firing rates for
1 s before and after the cue and outcome events and then calculated
the difference between these means (Supplementary Fig. 6b). To
evaluate the significance of observed trends, linear regression was
performed on these mean differences using the MATLAB fitlm func-
tion. Each regression involved fitting a first-degree polynomial (a line)
to estimate the slope. The fitlm function provided the t-statistic for the
slope, calculated as the slope divided by its standard error, which
accounts for the variability of the fit. The significance of the slope was
assessed directly through the two-tailed p-value provided by the fitlm
output. This p-value was used to determine the statistical significance
of the trend across different reward and aversion levels.

Electrical microstimulation
For stimulation experiments, monopolar stimulation was applied. The
stimulation train consisted of 200-μs pulses delivered at 200Hz. Each
pulse was biphasic and balanced, with the cathodal pulse leading the
anodal pulse. Task events were also sent to a separate PC running
MATLAB (MathWorks) to control the EMS generated by the stimulator
(Master-8, A.M.P.I.) and isolator (A365, WPI).

To quantify the effects of EMS, we compared the differences
between decisionmatrices of the Stim-off block and the Stim-on block.
Decision matrices were constructed by convolving the choice
data with a 30-by-30-point square-smoothingwindow and aggregating
each choice datum at each point in a 100-by-100 grid. We then
calculated t-statistics to measure the difference in avoidance and
approach frequencies between the Stim-off and Stim-on blocks. Posi-
tive t-statistics (Fig. 6b, d, f; shown in red) indicate regions where EMS
resulted in a relatively larger increase in avoidance behavior compared
to approach behavior. Negative t-statistics (Fig. 6b, d, f; shown in blue)
indicate regions where EMS resulted in a relatively larger increase in
approach behavior. The Fig. 6 plot highlights specific conditions in
which EMS significantly influenced decision-making behavior, either
by increasing avoidance, increasing approach, or having minimal
effect.
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For the analysis presented in Fig. 6g, each block of trials was
divided into five equal segments (parts), and the percentage of Ap and
Av trials within each segment was calculated, excluding error trials.
Relative change was determined for each segment by comparing the
corresponding segment of the second block (Stim-on block), during
which EMSwas delivered, with thematching segment of the first block
(Stim-off block), during which no EMS was applied. These relative
changes were aggregated across all sessions into two distinct groups:
EMS-significant and EMS-non-significant sessions. For each segment,
independent two-sample t-tests were conducted to compare the
average relative changes in Ap and Av behaviors between the EMS-
significant and EMS-non-significant groups. Statistical significance was
determined at p <0.05 (*), and p < 0.001 (**). This analysis enabled the
assessment of whether EMS selectively modulated Ap and Av beha-
viors across different segments of the task by comparing the propor-
tional changes between the two experimental conditions across all
sessions. Significant and non-significant effects were distinguished
using two-sided Fisher’s test (p < 0.05), to compare numbers of Ap and
Av trials across blocks.

Computational model
We implemented an OpenAI Gym environment to simulate the Ap-Av
task. This environment provides a two-dimensional observation space
representing reward (x1) and risk (x2) values, both normalized
between0 and 1. The action space is discretewith twopossible actions:
approach (1) or avoid (0). At each step, a new random observation (x1,
x2) is generated. If the agent chooses to approach, it receives a reward
equal to the benefit minus the cost. If the agent chooses to avoid, it
receives no reward. The episode does not terminate, allowing for
continuous interaction.

Our A2C model consists of two main components: an Actor
(Policy Network) and a Critic (Value Network). The Actor takes a
2-dimensional observation as input and outputs the probability of
approaching. The Critic estimates the state value based on the same
input. We trained our model using a custom implementation of the
proximal policy optimization algorithm. The training spanned 1500
epochs, with each epoch consisting of 100 steps.We capped individual
trajectories at 100 steps to maintain focused learning experiences. A
discount factor (γ) of 0.99was employed to appropriately value future
rewards, and we utilized generalized advantage estimation with
λ =0.95 to balance bias and variance in advantage calculations. To
promote exploration, we incorporated an entropy coefficient (β) of
0.2, which could be fine-tuned via command-line arguments.

We chose the Adam optimizer for its adaptive learning rate cap-
abilities, with initial learning rates set at 1 × 10−3 for both the policy and
value networks. To prevent explosive gradients, we implemented
optional gradient clipping with a configurable maximum norm. The
trainingprogresswas loggedevery 20 epochs,withmodel checkpoints
saved at the same interval. We tracked average trajectory rewards and
lengths to monitor the agent’s performance over time.

To quantify EMS effects on decision-making, we also fit a simpli-
fied logistic choice model to the behavioral data, with γ (aversion
sensitivity) and β (bias) as free parameters. Fitting was performed
separately for Stim-off and Stim-on blocks, at the session level. Esti-
mates were obtained via maximum likelihood estimation, and differ-
ences in parameters were evaluated across sessions using
bootstrapping and paired t-tests. Full model specification and results
are reported in the Results section and Fig. 8a-d, f, and g.

Histology and imaging
Themonkeysweredeeply anesthetizedwith sodiumpentobarbital and
perfused transcardially with 0.9% saline followed by 4% (wt/vol) par-
aformaldehyde in 0.1M NaKPO4 buffer (PB). Brains were blocked and
stored in 25% glycerol (Sigma-Aldrich, G5516) with 0.1% sodium azide
(MP Biomedicals, 0210289190) in 0.1M PB at 4°C until sectioning. The

brains were then frozen in dry ice, and coronal sections were cut at 40
μm thickness on a sliding microtome. Sections were stored in 0.1%
sodium azide in 0.1M PB until use.

For immunofluorescent staining, sections were rinsed three times
for 5min each in 0.01M PB with sodium/potassium saline containing
0.2% Triton X-100 (Sigma-Aldrich, T8787; PBS-Tx), and then incubated
in blocking solution consisting of 10% normal goat serum in PBS-Tx for
1 h. The sections were subsequently incubated with primary antibody
solution containing rabbit anti-GFAP [1:500] (DAKO, Z0334) in block-
ing solution for 24 h at 4 °C. After primary antibody incubation, the
sections were rinsed three times for 5min in PBS-Tx and then incu-
bated for 2 h in secondary antibody solution containing goat anti-
rabbit Alexa Fluor 647 [1:300] (Life Technologies, A21245) in blocking
solution at room temperature. Following three additional 5min rinses
in 0.1M PB, sections were counterstained with DAPI [1:1000] (Life
Technologies, 62248) in 0.1M PB for 2min, then rinsed in PB for three
5min intervals, mounted onto glass slides, and coverslipped with
ProLong Gold antifade reagent (Life Technologies, P36930).

Images were captured using an AxioZoomV16microscope (Zeiss)
and exported in JPEG format.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The Source Data underlying all main figures and Supplementary Figs.
have been deposited in Figshare under the accession code doi:
10.6084/m9.figshare.30652049. Sample datasets used to illustrate the
analysis workflow are provided in the associated GitHub repository.
Other data that cannot be formatted in Excel (including large raw
continuous electrophysiological and physiological recordings and
related files in specialized formats that are not practical to deposit as
Excel-compatible tables) are available under restricted access andmay
be requested by contacting the corresponding authors at: gray-
biel@mit.edu and georgios.k.papageorgiou@gmail.com.

Code availability
All MATLAB code used for data analyses and figure generation is
available at: https://github.com/geokpap/natcomm_gp. The repository
includes all scripts and aREADMEfilewith instructions for reproducing
the workflow using the accompanying sample datasets.
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