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Accumulation of virtual tokens towards a
jackpot reward enhances performance and
value encoding in dorsal anterior
cingulate cortex

Demetrio Ferro 1,2,3 , Habiba Azab 4, Benjamin Y. Hayden 4 &
Rubén Moreno-Bote 1,2,5

Normatively, our decisions ought to bemade relative to our total wealth, but in
practice, we make our decisions relative to variable, decision-time-specific set
points. This predilection introduces a major behavioral bias that is known as
reference-point dependence in Prospect Theory, and it has close links tomental
accounting. Here we examined neural activity in the dorsal anterior cingulate
cortex (dACC) of macaques performing a token-based risky choice task, in
which the acquisition of six tokens (accumulated over several trials) resulted in
a jackpot reward. We found that subjects make faster and more accurate
choices, and that they are less prone to risk-taking as offer contingencies are
easier and the jackpot reward becomes more likely to be achieved. By com-
paring alternative models that accounted for progressive token accumulation,
we found that subjective evaluations are best explained by a reference-
dependent value ‘RDV’ model where offer values are considered as potential
gains or losses with respect to a token-dependent reference. The reference-
dependent model allows to implement a dynamical comparison of the two
offered values to each other and to the number of missing tokens to reach the
six-tokens threshold as jackpot approaches. In dACC, we find that gains in
subjective values entail higher fractions of encoding cells than losses, and that
the encoding tuning of expected utility variables is best aligned with upcoming
choices in gains than in losses. These results suggest a neural basis of reference
dependence biases in shaping decision-making behavior and highlight the cri-
tical role of value representations in dACC in driving evaluations.

In their seminal work, Kahneman and Tversky1 fundamentally reshaped
our understanding of decision-making under risk. While utility and
probability distortion components of Prospect Theory are important, the
assessment of context-dependent references used in value-based

decisions is equally critical. Yet, whereas the neural basis of risk and
probabilitydistortion iswell understood, theneural processesunderlying
reference dependence remain less clearly delineated. In animal studies,
reference dependence can be difficult to study on single trials, but it
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becomes tractable when considering behavioral variability across deci-
sion trials. Previous studies have examined the influence of behavioral
history on decision-making2–5, typically using paradigms in which sub-
jects choose between probabilistic options with immediate reward
delivery. However, adopting token-based economic tasks allows to
investigate the progressive effects of delayed rewards on choice and its
neural representations.

Token-based decision-making tasks provide a powerful frame-
work for studying the progressive effects of delayed rewards on sub-
jective value (SV), influencing risk preferences and decision strategies6.
In these paradigms, choices deliver virtual tokens rather than
immediate rewards, contributing to a large jackpot reward once a
predetermined token count is reached. Token accumulation naturally
introduces shifting internal evaluation of reference-dependent gains
or losses inspired by Prospect Theory.

Advances in the field of neurophysiology have substantially con-
tributed to our understanding of neural mechanisms functionally
involved in decision-making, which include brain regions associated
with reward processing such as the orbitofrontal cortex (OFC), the
ventromedial prefrontal cortex (vmPFC), the anterior cingulate cortex
(ACC), and the ventral striatum7–15. The vmPFC and OFC are pre-
dominantly associated with the computation of relative offer
value6,16–21 and have been functionally linked to cumulative reward
signals in token-based tasks22, whereas the ACC plays a role in evalu-
ating potential outcomes, monitoring action costs, and tracking
motivational signals23–33. Importantly, the dorsal ACC (dACC) has been
implicated in reward anticipation34,35, cognitive effort computation28,36,
and in the integration of delayed or cumulative rewards across various
decision-making contexts29,37–41. Neural signals in ACC have been pre-
viously associated with multi-trial42, post-decisional variables41,43 and
virtual reward expectation44, suggesting that this region could support
reference-dependent value encoding and behavioral adjustments45,46.

In this work, we analyzed behavioral and neural data from two
macaques performing a token-based decision-making task (Fig. 1A)21,37–40.
On each trial, subjects chose between two probabilistic offers associated
with token gains or losses (ranging from −2 to +3 tokens). Tokens accu-
mulated across trials, and upon reaching a total of six, a large jackpot

reward was delivered. We tested whether decision-making strategies and
neural encoding indACCreflectedvalue-basedsignalsaloneor if theywere
shaped by a reference-dependent utility defined by token accumulation.

At the behavioral level, we found that choices were strongly
influenced by the expected value (EV) and risk (R) of the twooffers, but
also by jackpots on previous trials (JPT), and by accumulated tokens
count (ATC), which modulated accuracy, execution time, and risk
propensity (Figs. 2–4). As subjects approached the jackpot threshold,
choices became more accurate and faster, and risk-seeking declined.
To formalize these effects, we compared three models of subjective
value (SV): two logisticmodels that related EV and R (respectively with
or without ATC interactions) to choice, and a reference-dependent
value (RDV) model that treated ATC as a dynamic reference point
separating gains and losses in a logistic model of SV and the choice.
The RDV model followed the intuition that subjects dynamically swit-
ched the way they evaluated offered values as potential gains or losses
relative to the number of missing tokens to jackpot (6� ATC) when-
ever the jackpot was achievable in the current trial, or relative to zero
whenever jackpotwasnot achievable. Comparing the threemodels,we
found converging evidence that the RDV model provides the best fit
across all behavioral metrics, supporting the hypothesis that token
accumulation induces reference-dependent valuation.

Finally, we examined neural correlates of these computations in
dACC by regressing the spike rate of each recorded cell to SV defined
according to the three behavioral models tested. Across models, sub-
stantial fractions of neurons encoded the two SVs, peaking during offer
presentation epochs. Critically, the RDVmodel revealed a gain-dominant
recruitment of cells in the encoding pattern: gains were represented by
significantly larger fractions of cells than losses, and the neural tuning of
gain-related EV encoding predicted choice behavior more accurately
than loss-relatedEV,orRvariables in eithergainsor losses. Thesefindings
indicate that dACC dynamically integrates expected value with
ATC-dependent reference signals to guide goal-directed behavior.

Results
The two subjects performed correct choices, i.e., choices that max-
imized outcomes, as measured by the offer expected value (EV), in
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Fig. 1 | Behavioral task and recording sites. A Two offers are sequentially pre-
sented (offer 1-2, 600 ms), interleaved by blank screen delays (delay 1-2, 150 ms).
After the offers presentation, subjects are instructed to re-acquire fixation to a
central cross (re-fixate) for at least 100ms and report their choice after a choice-go
cue, consisting of the presentation of both previous offer stimuli. Choice is
reported via target fixation for at least 200ms (choice). The outcomeof the chosen
probabilistic offer is drawn from uniform distributions, providing (positive or
negative) virtual tokens upon risky choice resolution. A small fluid reward (100 µL)
is provided in all trials. The token count is visible through execution time as initially
unfilled circles at the bottom of the screen, filled by tokens as they are collected. At

6 tokens count, subjects receive a “jackpot”, large reward (300 µL), and the count is
reset. The height of the bar stimuli is informative of the associated reward prob-
ability, while the color is informative of the magnitude. The probability of the
outcomes color-cued by the top and bottom parts of the stimuli are com-
plementary. The probabilities are discretized as 10%, 30%, 50%, 70% and 90%, the
magnitudes consist of reward counts (−2, −1, 0, +1, +2, +3) and could include
negative values. Offers could also include safe options where 0 (red) or 1 (blue)
token(s) are achieved with 100% probability. B Illustration of dACC, brain area
targeted for neural data recordings.
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most trials (subject 1: 79.78 ± 0.19% mean ± s.e.m., subject 2: 74.19 ±
0.18%). By using a generalized model of the choice (Methods "Gen-
eralized linear model of choice"), we found that correct choices, i.e.,
choices for the offer with the best EV, were predominantly influenced
by the difference in expected values (ΔEV = jEV 1 � EV 2j), the average
magnitude of the two EVs (MEV ), the difference in risk between the
offer with the best EV and the offer with the worst EV (the offers risk
level, ORL), the tokens collected in task trials previous to current trial
(accumulated tokens count,ATC), and the achievement of a jackpot on
previous trial (JPT) (Fig. 2A, Supplementary Table 3). These factors had

a strong and statistically significant impact on the decisions made by
the twosubjects, suggesting that both relied on these variables to form
heuristics and choose offers with the best EV. Here, the influence of
ATC is particularly critical, as it not only reflects the motivational drive
toward jackpot but also provides a progressive context for value
computations. The token count shifts the decision frame from evalu-
ating offer values relative to each other when jackpot is out of reach to
comparing offer values to jackpot threshold when nearing jackpot, a
reference-dependent evaluation paradigm that is central to our
investigations. Additionally, we find that subject 2 tended to make

Fig. 2 | Value-based behavioral variables and accumulated tokens count influ-
ence decision-making performances. A Logistic model of the correct choice
(Methods "Generalized linear model of choice"), i.e., choice for the offer with the
best expected value ðEV Þ: We use 4EV = EV 1 � EV2

�� �� to define the discriminability
of best EV , inversely related to task difficulty;MEV = EV 1 + EV 2

� �
=2 the mean offer

EV ; the offer risk level ðORLÞ the difference between the risk of the offer with
highest EV and the risk of the offer with lowest EV ; the accumulated tokens
count(ATC) asof the start of current trial; the presenceof a jackpoton previous trial
(JPT = 1 jackpot, JPT =0 no jackpot); the number of trials since last jackpot reward
ðTSLRÞ; and the outcomeof previous trial ðOPTÞ, i.e. the number of tokens resulting
from the risky choice made on previous trial. The analysis is applied separately for
the two subjects (red, subject 1, n=47030 trials; blue, subject 2, n= 58911, Sup-
plementary Table 1). The intercept term β0 = � 0:18±0:04 in subject 1, and
�0:46±0:04 in subject 2, p <0:001 in both subjects. Inserts on the top right of the
panel show zoomed results for the logistic weights of OPT and TSLR. Numerical
modelweight estimates ± SEandnumericalp-values are reported in Supplementary
Table 3. Model coefficients were estimated using maximum likelihood, and sig-
nificancewas assessed via two-sidedWald tests based on the standard errors of the
estimated coefficients. B Probability of correct choice (± s.e.m.) vs accumulated

tokens as of the start of each trial (Low: ATC = [0, 1]; Medium: ATC = [2, 3]; High:
ATC = [4, 5]). Sample size for each condition (number of trials pooled across ses-
sions) is detailed in Supplementary Table 1. Numeric means ± s.e.m. are reported in
Supplementary Table 4.C Same asB but showing the task execution time. Numeric
means ± s.e.m. are reported in Supplementary Table 4. D Dots: binned average
fractions of choices for first offer in the two subjects. Solid lines: logistic regression
of first offer choice (ch1), designed as logit pðch1Þð Þ=β0 +β1 EV 1 � EV 2

� �
for Low

(ATC = ½0, 1�) andHigh (ATC = ½4, 5�) accumulated tokens count (data combined for
the two subjects, High: β0 = � 0:2,p= 3:6 � 10�31,β1 = 1:52,p< 10

�308,n= 24099,
Low: β0 = � 0:21,p= 5:6 � 10�82,β1 = 1:09,p< 10

�308,n=47563; Methods "Beha-
vioral choice accuracy and execution time"; Supplementary Table 1). Model coef-
ficients were estimated using maximum likelihood, and significance was assessed
via two-sidedWald tests based on the standard errors of the estimated coefficients.
EDifference in β0,β1

� �
weights inD forHighminus Low accumulated tokens count.

Dots are weights differences in each session (n= 109 sessions, red for subject 1,
n= 118, blue for subject 2). Bars show mean ± s.e.m. across sessions, significance is
assessed via two-tailedWilcoxon signed-rank tests, p= 1:77 � 10�3 for β1 in subject 1,
p= 1:34 � 10�19 in subject 2.
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fewer choices for the offer with the best EV when better outcomes
were achieved on previous trial (OPT), and both subjects made fewer
best EV choices as the number of trials since the last jackpot reward
(TSLR) increased.

The role of accumulated tokens in choice performance
We found that the accumulated tokens count (ATC) has an important
impact on the subject’s choices. When considering choices for the
offer with the best offer EV (Methods “Behavioral choice accuracy and
execution time”), we found that subjects were more accurate (Fig. 2B)
and faster (Fig. 2C) when they had collected more tokens, i.e. when
they got closer to the possibility of achieving a jackpot reward (Sup-
plementary Table 4). Conversely, the subjects took longer to perform
the task and were less accurate when the accumulated tokens count
was lower. To investigate this aspect further, we modeled the prob-
ability of choosing one of the two offers in relation to the difference in
expected value of the two offers, by using a logistic model
logitðpðch1ÞÞ= β0 + β1 EV 1 � EV 2

� �
, with ch1 = 1 if first offer was chosen

and ch1 =0 otherwise, and fited the model separately in trials with
‘Low’ (ATC = ½0, 1�) or ‘High’ (ATC = ½4, 5�) accumulated tokens count
(Fig. 2D). We found a significant increase in the slope of the logistic
relationship (β1,High � β1, Low, p= 1:77 � 10�4 in subject 1, p= 1:34 � 10�19

in subject 2, two-tailed Wilcoxon signed rank test for zero median),
corroborating previous insights about higher task engagement for
higher accumulated tokens count (Fig. 2E).

Jackpot, accumulated tokens count, and best offer discrimin-
ability improve choice performances
We computed the fraction of errors in choosing the offer with the best
EV based onwhether the current trial was preceded or not by a jackpot
reward, for different ranges of accumulated tokens count, and for

different levels of difficulty in discriminating between the best and the
worst offer. For accumulated tokens count, we used the ranges ‘Low’
(ATC = [0,1]), ‘Medium’ (ATC = [2,3]) and ‘High’ (ATC = [4,5]) (Supple-
mentary Table 1). For the difficulty, we used ΔEV and the respective
medianðΔEV Þ= 1 as difficulty discriminant, leading to split data in ‘Hard’
and ‘Easy’ trials, respectively based on whether ΔEV < 1 or ΔEV ≥ 1
(Supplementary Table 2). Combining the jackpot conditions, accu-
mulated tokens count, and difficulty, we find that the fraction of errors
in choosing the offer with best EVmost differentiate based on the trial
difficulty (Fig. 3, Supplementary Table 5). The presence of jackpot
before the current trial did not have a significant impact on the fraction
of errors of subject 1 (Easy trials: No Jackpot versus Jackpot, p=0:067,
two-tailed Wilcoxon signed-rank test; Hard trials: p=0:24), while in
subject 2 the fraction of errors significantly increased after jackpot
only in easy trials (Easy trials: p= 1:21 � 10�10; Hard trials: p=0:31,
Fig. 3A, Supplementary Table 5).

The accumulated tokens count had a significant impact on the
fraction of errors of both subjects, showing a decreasing trend in the
fraction of errors in choosing the offer with the best EV as the ATC
increased (Fig. 3A, Supplementary Table 5). Note that the task trial
occurrences become fewer and fewer as ATC values grow from Low to
High, regardless of the task difficulty (Supplementary Table 1). Since
themost prominent difference in fractions of errors was based on task
difficulty, we also investigated fractions of errors for binned values of
ΔEV , which we used as an inverse metric of difficulty. As expected, the
fraction of errors decreased with ΔEV , as larger ΔEV indicates easier
detectionof thebest offer. By comparing the fractions of errors inHigh
and Low accumulated tokens counts, we found a lower fraction of
errors in High accumulated tokens, indicating that accumulating a
larger number of tokens boosts the best EV discrimination, most
prominent and significant in both subjects for intermediate difficulty

Fig. 3 | Fraction of errors in reporting correct choice decreases with accumu-
lated tokens count and task difficulty. A Average fraction of errors (subject 1,
n = 109 sessions; subject 2, n = 118) for cases of no jackpot (JPT =0) or jackpot
(JPT = 1) on previous trial and for different ranges of accumulated tokens count as
of the start of current trial (Low: ATC = [0, 1]; Medium: ATC = [2, 3]; High: ATC = [4,
5]). Sample size for each condition (number of trials pooled across sessions) is
detailed in Supplementary Table 1. Data are split based on difficulty as ‘Hard’ (filled
markers, ΔEV <median ΔEV

� �
) and ‘Easy’ (empty markers, ΔEV ≥median ΔEV

� �
).

Sample size for each condition is detailed in Supplementary Table 2. Left: subject 1,

right: subject 2.Differences inATC ranges are tested via two-sidedWilcoxon signed-
rank tests, FDR corrected via Benjamini-Hochberg procedure (*p <0:05, **p<0:01,
***p <0:001). B Average fraction of errors ± s.e.m. (subject 1, n=109 sessions; sub-
ject 2, n=118) for binned values of difficulty, inversely related to ΔEV = EV 1 � EV 2

�� ��.
Sample size for each condition is detailed in Supplementary Table 2. Data are split
in ‘Low’ (solid, ATC = [0, 1]) and ‘High’ (dotted, ATC = [4, 5]) accumulated tokens
count. Left: subject 1, right: subject 2. Differences in bins are assessed via two-tailed
Wilcoxon rank sum (*p <0:05, **p<0:01, ***p<0:001). *A-B* Numeric means ±
s.e.m. and p-values for all comparisons are reported in Supplementary Table 5.
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(ΔEV = ½1, 3� subject 1, significant for all ΔEV in subject 2, Fig. 3B). In
similar way as for ATC, we find fewer trial occurrences when con-
sidering higher ATC bins, coinciding with easier trials (Supplementary
Table 2). These results align with the observation that subjects tend to
be more accurate and faster whenever they accumulate more tokens
before the current trial, adding a further level of stratification in con-
sidering the difficulty, that has a prominent role in committing best
offer contingency detection errors.

Jackpot, accumulated tokens count, and difficulty in best offer
discriminability impact risk-taking propension
We asked whether previous results suggesting improvement in choice
speed and accuracy with ATC could relate to a higher propensity for
risky options whenever subjects felt that achieving a jackpot reward
was less likely and far apart, requiring further accumulation of tokens.
By comparing the fraction of trials where subjects chose the offer with
the highest risk, we observed that the presence of a jackpot on the
previous trial decreased the fraction of choices for the riskiest option,
significant for subject 1 (subject 1: p= 1:04 � 10�3, two-tailed Wilcoxon
signed-rank test, subject 2:p=0:37, Supplementary Table 6).We found
that both subjects significantly made more risky choices when
choosing the offer with best EV was hard (ΔEV < 1) as opposed to easy
(ΔEV ≥ 1) trials (subject 1: p= 1:47 � 10�19, two-tailed Wilcoxon signed-
rank test, subject 2: p=4:21 � 10�21, Supplementary Table 6).

By combining difficulty and jackpot conditions, we found that
subjects consistently chose risky offers less frequently after a jackpot
reward in Hard trials (Fig.4A, Supplementary Table 6), while in Easy
trials risky choices after jackpotwere less frequent in subject 1 (Fig. 4A,
Supplementary Table 6), and more frequent in subject 2 (Fig. 4A,
Supplementary Table 6). We reported a remarked difference in the
fraction of choices for the riskiest option between Easy andHard trials,

with Hard trials involving higher fractions of choices for the riskiest
option across ATC conditions (Fig. 4A, Supplementary Table 6). We
found a consistent inverted-u shape relationship between the fraction
of risky choices andATC ranges inHard trials in both subjects, showing
increasing trend for ATC = [0,2], and decreasing trend for ATC = [3,5]
(Fig. 4A; Supplementary Table 6). To further investigate the effect of
risk on the decisions of the two subjects,wequantified the risk attitude
of subjects by using a Markowitz model, i.e., computing the ratio
between theweight of the risk (β2) and EV (β1) differences between the
two offers in a logistic model of the choice including these two vari-
ables as choice predictors (Methods “Choice models and Subjective
Values”). The model parameter θ= � β2=β1 describes the subjective
behavioral attitude as risk aversion (θ>0) or risk-seeking (θ<0). We
report a risk-seeking attitude in both subjects, with higher risk aversion
(reduced magnitude of θ) as the number of accumulated tokens
increases, and for Easy trials (Fig. 4B, Supplementary Table 6). Com-
paring jackpot conditions, we find that θ has smaller, negative mag-
nitude for Hard trials following a jackpot reward, consistent in the two
subjects (Fig. 4B; Supplementary Table 6), in line with lower risky
choice fractions results (Fig. 4A, Supplementary Table 6).

We found that the EV difference has an impact (β1) on choices that
grows with ATC, consistent in the two subjects, higher for Hard trials
(Fig. 4C, Supplementary Table 6) than for Easy trials (Fig. 4C, Supple-
mentary Table 6). The risk difference weight (β2) shows an inverted-u
shape, most prominent and consistent in the two subjects for Hard trials
(Fig. 4D, Supplementary Table 6), larger than for Easy trials (Fig. 4D,
SupplementaryTable 6), both results are in linewith the fractions of risky
choices (Fig. 4A, Supplementary Table 6). The Markowitz variable θ=
�β2=β1, shows decreased magnitude as the accumulated
token counts increases for ‘High’ ATC ranges (Fig. 4D, Supplementary
Table 6), suggesting that when the jackpot reward becomes more likely,

Fig. 4 | Risk seeking attitude increases with accumulated tokens count and
easier best offer discriminability. A Fraction of trials (mean ± s.e.m.) with choice
for the offer with higher risk. The data are split in ‘No Jackpot’ (JPT =0), ‘Jackpot’
(JPT = 1), and for accumulated tokens count (‘Low’ ATC = [0, 1], ‘Medium’ ATC = [2,
3], ‘High’ ATC = [4, 5]). Data are split for subject 1 (red) and subject 2 (blue), and for
Easy (ΔEV ≥ 1, empty markers) and Hard (ΔEV < 1, filled markers). B Markowitz risk
return model for the offer utility based on the mean value (EV ) and risk (R) of the
offers. Themodel parameter (θ) describes risk attitude (θ<0 risk seeking, θ>0 risk

avoiding) for jackpot cases and for values of accumulated token counts. Data is split
in difficulty and across subjects as in A. CMarkowitz risk return model, parameter
β1 relative to EV weights for jackpot cases and for values of accumulated token
counts. Data is split as inA.DMarkowitz risk returnmodel, parameter β2 relative to
riskRweights for jackpot cases and for values of accumulated token counts. Data is
split as in A. A–D Sample size for each condition is detailed in Supplementary
Table 1. Numeric values formean ± s.e.m. ormean ± CI across sessions are reported
in Supplementary Table 6.
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indicated by tokens count, the subjects are more averse to risk. All the
above results found for Low,Medium,HighATC ranges are also found for
discrete values of ATC (Supplementary Fig. 1).

Models of choice: subjective values and reference-dependent
evaluation in token-based decision-making
To further investigate how subjects integrate behavioral variables and
contextual information into their decision-making processes, we for-
malized choice behavior using predictive models of Subjective Value
(SV). Given the observed effects of EV, R, and ATC on behavior, we
compared three alternative models that differed in how these factors
were combined. The first model, ‘linear model of choice without ATC
interaction’ defined SV as a linear combination of EV, R, and ATC,
without interaction terms (Methods "Linear model of choice without
ATC interaction"). The second model ‘linear model of choice with ATC
interaction’ introduces interaction terms to capture how ATC modu-
lated the influence of EV and R (Methods "Linear model of choice with
ATC interaction"). We then introduced a reference-dependent value
‘RDV’ model that incorporates the key idea that token accumulation
dynamically defines a reference point for evaluating gains and losses
(Methods "Reference-dependent value (RDV)model of choice"). In this
model, the perceived value of each offer is computed relative to a
dynamic internal reference r(ATC), which approaches zerowhenATC is
lowand jackpot isout of reach, and transitions to thenumberof tokens
required to reach the jackpot (6� ATC) as jackpot achievement
becomes closer. The offer values, instructed by cue colors (v, ranging
−2 to +3 tokens) were shaped by a token-dependent utility function
uðv;ATCÞ adapted from Prospect Theory. The curvature of this func-
tion depends on ATC in two ways. First, the value sensitivity parameter
γðATCÞ increases linearly with ATC, reflecting stronger weighting of EV
with token accumulation (Fig. 4C, Supplementary Fig. 1C); the loss-
aversion parameter λðATCÞ varies quadratically with ATC, consistent
with the inverted-u shaped relationship observed between risk taking
and ATC (Fig. 4D, Supplementary Fig. 1D). This formulation captures
how motivational proximity to the jackpot reshapes value computa-
tion and risk sensitivity, enabling a smooth reference-dependent
transition.

We trained each model using choice, EV, R, and ATC features to
estimate regression weights via maximum likelihood and assessed per-
formance using cross-validation (k =4 folds). Across all models, EV dif-
ference emerged as the strongest predictor of choice (Supplementary
Fig. 2, Supplementary Table 7). In the first model, risk was the second-
largest positive weight, followed by a negative constant term and the
ATC regressor weight, showing relatively low magnitude, statistically
significant in subject 1 and in data pooled for the two subjects (Sup-
plementary Fig. 2, Supplementary Table 7). In the second model, the EV
and ATC interaction term had second-largest positive weight, followed
in magnitude by R, a negative constant term, the linear and quadratic
interactions between R and ATC (Supplementary Fig. 2, Supplementary
Table 7). In the RDV model, we also found meaningful parameter esti-
mates, consistent between subjects. The reference r(ATC) was defined
by two parameters: a threshold κ1, determining the ATC value above
which jackpot achievement became behaviorally relevant (subject 1:
3.28±0.05 mean ± s.e.m across sessions, subject 2: 3.09±0.06), and a
steepness parameter κ0 controlling the sharpness of the transition
(subject 1: 2.61 ±0.25, subject 2: 0.97 ±0.12). The value sensitivity func-
tion increased linearly with ATC (γ ATCð Þ � 0:79 +0:02ATC in subject 1,
0:66+0:03ATC in subject 2). Since the parameter γðATCÞ is used as
exponent of reference-dependent values, it makes value utility tend to
linearity as subjects approach jackpot. The loss-aversion parameter fol-
lowed an inverted-u profile (λ ATCð Þ � 0:49+0:18ATC �0:02ATC2 in
subject 1, and� 0:27 +0:16ATC � 0:01ATC2 in subject 2), aligning with
observed shifts in risk preference (Fig. 4D, Supplementary Fig. 1D. The
RDVmodel shows strongest regression weight for reference-dependent

EV terms, followed in magnitude by reference-dependent R terms, and
by a negative constant term.

Model comparison showed that RDV consistently outperformed
the twofirstmodels across allmetrics, including cross-validated choice
prediction accuracy, adjusted coefficient of determination, negative
log-likelihood, Akaike Information Criteria (AIC), and Bayesian Infor-
mation Criteria (BIC) (Supplementary Table 8, Supplementary Fig. 3,
Supplementary Methods), providing strong evidence that a reference-
dependent, token-based SV framework best explains choice behavior
in this task. We also assessed that RDV consistently outperformed
concurrently adopted models implementing normative temporal dis-
count of delayed reward values47 and adaptive biases based on
cumulative reward history22.

Neural encoding of subjective value: the role of token accumu-
lation and value tuning in behavioral choice readout
We tracked the neural encoding of task-related variables by perform-
ing time-resolved spike-rate analyses to detect the fractions of cells
(n = 129, of which n = 55 in subject 1, n= 74 in subject 2) significantly
encoding relevant task variables during execution time (Methods
“Spike-rate models for the encoding of value in the dACC”). We
designed linear spike-rate models based on the same SV definitions
introduced for the three choice models assessed. Additionally, we
tested whether behavioral choices could be predicted from neural
encoding weights using Receiver Operating Characteristics (ROC)
analyses, which involved regressed spike rate model weights multi-
plied by test variable data. Finally, we correlated the Area Under the
Curve from the ROC analyses with time-averaged spike-rate model
weights, investigating how neural tuning properties to task variables
aligned with choice prediction.

The first spike-rate model, which excluded ATC interactions,
revealed significant fractions of cells encoding the two SVs defined as in
the ‘linear choice model without ATC interactions’ (Methods “Linear
model of choice without ATC interaction”, "Linear spike-rate model ATC
without interactions"). The fractions of significantly encoding cells
peaked around the respective offer presentation epochs (Fig. 5A-B,
Supplementary Fig. 4). This model also included a regressor for ATC,
which was associated with notably higher fractions of significantly
encoding cells during late task execution epochs, posterior to offer
presentation epochs (Fig. 5A-B, Supplementary Fig. 4).We quantified the
fraction of cells exclusively or synergistically encoding task variables in
task epochs, considering the exclusive encoding of SV 1, SV 2, ATC, and
their combinations (SV 1&SV2; SV 1&ATC; SV 2&ATC; SV 1&SV 2&ATC).
The significance of the fractions of cells was assessed by comparison to
the 95th percentile of equivalent fractions from trial-order shuffled data.
Since pre-offer 1 and throughout task epochs, cells exclusively encoding
ATC represented the largest and significant fraction, in line with the task
design by which current trial ATC is cumulated at the end of previous
trial. The fraction of cells encoding ATC tended to lower during offer 1
and offer 2 epochs, when SV encoding peaked. Following offer 1 onset, a
significant proportion of cells encoded SV 1, either exclusively or in
combination with ATC, while the proportion of cells encoding SV 2,
either exclusive or simultaneous to SV 1 and/or ATC, was significant after
offer 2 onset. Following delay 2, the fractions of cells exclusively
encoding the two SVs gradually lowered, and ATC emerged as the most
encoded variable across cells, with significant fractions of cells showing
joint encoding of the two SVs and/orATC (Fig. 5C, Supplementary Fig. 5).

To examine the relationship between neural tuning and beha-
vioral choice, we performed Receiver Operating Characteristics (ROC)
analyses, quantifying the predictive strength of spike-rate regression
weights with respect to key decision variables: the EV difference
between the two offers, the risk difference, and ATC (Methods "ROC
analysis in the linear spike-rate model without ATC interaction"). Pre-
dictive performancewas assessed using the AreaUnder the ROCCurve
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(AUC). Among regressors, the EV difference exhibited the strongest
choice (median AUC for positive regression weights β1' > 0 : 0:84,
median AUC for negative weights β0

1 < 0 : 0:17, data pooled across the
two subjects, Fig. 5D). The risk difference regressor followed (median
AUC for β0

2 >0 : 0:68, β2' < 0 : 0:31, Fig. 5D). As we expected, the ATC

variable itself did not show meaningful choice predictability (median
AUC for β3' > 0 : 0:49, β3' < 0 : 0:51, Fig. 5D).

Furthermore, spike-rate regression weights for both EV and R
difference showed strong correlations with the respective AUC values
(ρ =0:84 for EV difference, p<0:001, ρ=0:82 for R difference,

Fig. 5 | Neural encoding of SVs and ATC in a spike-rate model without ATC
interactions and their link to choice prediction. A Solid lines show the fractionof
cells significantly encoding SV 1, SV 2 and ATC in the ‘linear model without ATC
interaction’ (Methods "Linear spike-rate model without ATC interactions"). The
dotted line represents the 95th percentile threshold from trial-order shuffled data.
The percentiles are computed independently and coincide across regressors,
reflecting chance level of significance expectedunder null interaction. Bottom lines
indicate time bins where significant fractions exceed the percentile threshold,
further assessed in length by cluster-based run length analysis, considering runs
whose length is significantly longer than the 95th percentile of equivalent lengths
computedwithin shuffleddata. Results are shown for the two subjects separately in
Supplementary Fig. 4.B Fractions of significant cells for SV 1 (top), SV 2 (middle) and
ATC (bottom) in task epochs (mean ± s.e.m. across time bins, n= 129 total cells).
Dotted lines represent the 95th percentile of fractions of significant cells run over
trial-order shuffled data, computed separately for each regressor. Significance is
assessed via one-tailed signed rank, FDR corrected via Benjamini-Hochberg pro-
cedure, testing that empirical data exceed 95th percentile thresholds (*p<0:05,
**p<0:01, ***p<0:001, Supplementary Table 9). C Time-averaged fractions of
n= 129 total cells that exclusively encode SV 1, SV 2, ATC, or jointly encode (SV1 and

SV2), (SV1 and ATC), (SV2 and ATC), (SV 1, SV 2 and ATC), or are non-significant (n.s.).
Results in B represent aggregate categories from C. For example, the fraction of
cells encoding SV 1 includes cells exclusively encoding SV 1 as well as cells encoding
SV 1 jointly with SV 2 and/or ATC. Fractions in bold exceed the 95th percentile of
equivalent fractions from trial-order shuffles. Subject-specific results, percentiles
and significance are in Supplementary Fig. 5. D Correlations between Area Under
the Curve (AUC) from ROC analyses of choice and model weights β0

1 = hβ
0
1ðtÞi (left),

β0
2 = hβ0

2 tð Þi (middle), ATC (right) time-averaged at times posterior to the offer 2
onset, for the linear spike-rate model without interactions (Methods "ROC analysis
in the linear spike-rate model without ATC interaction"). Each dot represents a cell
(n= 129, subjects combined), with AUC and model weights averaged in time bins
posterior to offer 2 onset and cross-validation folds. Pearson’s coefficients ρ are
assessed in significance via two-tailed t-tests (***p<0:001, p= 5:4 � 10�36 for β1',
p= 3:6 � 10�32 for β2', p=0:57 for β3'). Solid lines show linear regression lines,
shaded areas indicate ±CI computed using the standard error of the regression
coefficients. The values at the bottom-right of each panel report the median AUC
across time bins posterior to offer 2 onset, cells, cross-validation folds for positive
(top) and negative (bottom) weights. Results are shown separately for the two
subjects in Supplementary Fig. 6.
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p<0:001; significance assessed via two-tailed t-tests, Fig. 5D). In line
with ROC results, the ATC regressor showed modest correlation
(ρ =0:05, n.s., Fig. 5D). Importantly, all AUC-related findings and
regression weight correlations were consistent and statistically sig-
nificant across both individual subjects (Supplementary Fig. 6).

The second spike-rate model combined value-based variables with
accumulated tokens by considering interactions between EV, R and ATC
as in the ‘linear model of choice with ATC interactions’ (Methods “Linear
model of choice with ATC interaction”, "Linear spike-rate model with
ATC interactions"). Regressors in this model comprised the main effect
EV difference between the two offers, the interaction of EV difference
with ATC, the risk R difference, a linear interaction term between R
difference and ATC, and a quadratic interaction term between R and
ATC. This approach was motivated by prior observations indicating that
the influence of EV difference on choice increases with ATC (Fig. 4C,
Supplementary Fig. 1C), and that the relationship between risk-seeking
behavior and ATC follows an inverted-u profile (Fig. 4D, Supplementary
Fig. 1D). The introduction of interaction terms did not fundamentally
alter the overall SV encoding profiles: the largest fractions of cells
encoding SVs remained concentrated around offer presentation epochs
(Fig. 6A-B). However, the inclusion of these interaction terms did lead to
amodest increase in the fractions of cells encoding SVs during later task
epochs in subject 2 (Supplementary Fig. 7).

A more detailed analysis of SV encoding revealed that a sig-
nificant fraction of cells encoded the two offers either exclusively
(SV 1 or SV 2) or synergistically (SV 1 and SV 2) during task epochs
following the respective offer presentation, with only exception for
the exclusive encoding of SV 1, that was not significant in the choice-
go epoch time (Fig. 6C). This pattern was prominent in cells recorded
in subject 2 (n= 74), and in data combined across the two subjects
(n=129). In contrast, cells recorded in subject 1 (n=55) primarily
showed significant encoding during offer presentation epochs
(Supplementary Fig. 8).

In the spike-rate model with ATC interactions, we assessed choice
predictability using ROC analysis (Methods "ROC analysis in the linear
spike-rate model with ATC interaction"), specifically examining AUC
scores for the following regressors: EV difference, EV difference and
ATC interaction, R difference, R difference and ATC interaction, R dif-
ference and ATC2 interaction (Methods "ROC analysis in the linear
spike-rate model without ATC interaction"). Consistent with findings
from the model without ATC interactions, the EV difference regressor
shows the strongest choice predictability (median AUC for
β1' > 0 : 0:84, β0

1 < 0 : 0:17, data combined for the two subjects,
Fig. 5D). This was followed by the EV difference and ATC interaction
(median AUC for β2' > 0 : 0:77,β2' < 0 : 0:23, Fig. 5D), with gradually
declining predictability for the risk difference regressors (median AUC
for β3' > 0 : 0:69, β3' < 0 : 0:31, Fig. 5D), R difference and ATC (median
AUC for β4' > 0 : 0:64,β4' < 0 : 0:36, Fig. 5D), R difference and ATC2

(median AUC for β5' > 0 : 0:63,β5' < 0 : 0:37, Fig. 5D).
All spike-rate regression weights showed strong and significant

correlations with their respective AUC values, with similar Pearson
correlation coefficients across regressors (ρ=0:83 for EV difference,
p<0:001; ρ=0:81 for EV difference and ATC interaction, p<0:001;
ρ=0:79 for R difference, p<0:001; ρ=0:79 for R difference and ATC,
p<0:001; ρ=0:79 for R difference and ATC2; significance assessed via
two-tailed t-test). All results from these AUC analyses were significant
and consistent across both subjects (Supplementary Fig. 9).

The RDV spike-ratemodel enabled the classification of offer value
variables as gains and losses based on their relationship with a token-
dependent reference value, r(ATC). This reference shifted dynamically:
it was set to 0 when jackpot was not achievable and changed to the
number of tokens missing to reach the jackpot (6� ATC) once
reaching the jackpot was possible. The fraction of values resulting in
gains (� 43%, Supplementary Table 12) tended to be lower than the
number of values resulting in losses (� 57%, Supplementary Table 12)

as defined by the RDVutility function (Methods “Reference-dependent
value (RDV) model of choice”). Within each offer, when the value cued
by the top portion of offers resulted in a gain, the value of the bottom
portion tended to result in a loss. However, there was very little
interdependence between the two offers, as confirmed by gains/losses
correlations (Supplementary Table 13).

The RDV spike-rate analysis showed that a substantial fraction of
dACC cells significantly encoded SVs derived from the reference-
dependent utility function (Methods “Reference-dependent value (RDV)
model of choice” and “RDV spike-rate model”). Like in the other models
that we tested, the highest fraction of SV-encoding cells was observed
around offer presentation epochs (Fig. 7A-B). Significant SV encoding
tended topersist in later task epochs for both gains and losses (Fig. 7A-B,
mainly in subject 2 cells Supplementary Fig. 10). For SV 1 gains, the
fractions of significantly encoding cells were significantly higher than for
SV 1 losses in almost all task epochs following offer 1 presentation, with
exception of the delay 2 epoch (Fig. 7B). For SV 2 gains, the fractions of
significantly encoding cells were significantly higher than for SV 2 losses
at offer 2, delay 2 and feedback (Fig. 7B).

We further analyzed encoding patterns by testing whether cells
exclusively or synergistically encoded gains and/or losses for the two
SVs. Significance was determined by comparing empirical fractions to
the 95th percentile of equivalent fractions from trial-order shuffles. We
found that as soon as offers were presented, the respective SVs were
significantly encoded exclusively for gains, or in synergy for gains and
losses, but not significantly for losses exclusively (Fig. 7C). During offer 2,
we found a modest, though significant fraction of cells encoding all SVs,
including SV 1 and SV 2, in both gains and losses (Fig. 7C). Consistent with
previous analyses, we found that the fractions of significant cells gra-
dually decayed after offer presentation epochs (Fig. 7C). This patternwas
found in cells from both subjects (Supplementary Fig. S11).

Finally, we assessed how the neural tuning to SV in gains and
losses related to the behavioral choice, evaluating choicepredictability
using ROC analysis (Methods "ROC analysis in the RDV spike-rate
model"). We used as regressors the EV and R variables defined over
reference-dependent values (Methods "Reference-dependent value
(RDV) model of choice"), by keeping gains and losses in separate
regressors. We found that reference-dependent EV difference in gains
is remarkably more accurate in choice prediction (median AUC for
β0
1 > 0 : 0:85, β0

1 < 0 : 0:15, Fig. 7D) than EV difference in losses (median
AUC for β0

2 > 0 : 0:65,β0
2 <0 : 0:36, Fig. 7D) or reference-dependent

Risk difference in gains (median AUC for β0
3 >0 : 0:62,β0

3 <0 : 0:38,
Fig. 7D) or losses (median AUC for β0

4 >0:64,β
0
4 <0 : 0:37, Fig. 7D).

The spike-regression weights had strong and statistically sig-
nificant correlations with their respective AUC values, with EV differ-
ence regressors showing higher Pearson correlation coefficients
across regressors (ρ=0:73 for EV difference in gains, p < 0.001;
ρ=0:72 for EV difference in losses, p < 0.001; ρ=0:58 for R difference
in gains, p < 0.001; ρ=0:68 for R difference in losses, p<0:001; sig-
nificance assessed via two-tailed t-tests). Importantly, theseAUC-based
results were consistent in the two subjects (Supplementary Fig. 12).

The RDV model results refine previous spike-rate model designs
by allowing us to categorize value-based regressors as gains or losses
and extract the fraction of cells recruited for value encoding in the two
cases. This specific aspect is central to our investigations, as assessing a
reference-based method for neural encoding detection can be
impacted by data size, in a way that low trial availability can lead to
miss the detection of significant encoding, yet lower trial availability
does not increase the false alarm rate. As control analysis, we have
repeated results in the ‘linearmodel without ATC interactions’ and the
‘linear model with ATC interactions’ by considering value, respectively
as in Methods “Linear spike-rate model without ATC interactions” or
Methods “Linear spike-rate model with ATC interactions” but by
splitting value variables labelled as gains or losses by the RDV utility
function defined in “Reference-dependent value (RDV) model of

Article https://doi.org/10.1038/s41467-026-70423-1

Nature Communications |         (2026) 17:7554 8

www.nature.com/naturecommunications


choice”. This showed two main results: reducing trial counts by split-
ting value variables into gains and losses reduced the encoding
detection power of spike-rate models (Supplementary Fig. 13 and 15);
regression weights became correlated or anti-correlated with AUCs
depending on whether gain or loss trials were analyzed (Supplemen-
tary Figs. 14 and 16). Lastly, to rule out the possibility that our findings
were artifacts of uneven trial availability in gain versus loss trials, we
performed a trial-matching control. We randomly sub-sampled trials
(regardless of gain/loss classification) tomatch the number of gain and

loss trials used in the split analyses for both the ‘linear spike-ratemodel
without ATC interaction’ (Supplementary Fig. 17) and the ‘linear spike-
rate model with ATC interactions’ (Supplementary Fig. 18). This
approach yielded similar reductions in encodingdetection, confirming
that data size alone impacts sensitivity. Importantly, however, in con-
trol analyses (Supplementary Figs. 17–18) loss trials consistently
showed a higher fraction of significantly encoding cells, consistent
with their greater prevalence (≈57% of trials vs. ≈43% gains, Supple-
mentary Table 12). This control supports the robustness of our main

Fig. 6 | Encoding of SVs during task execution in the spike-ratemodel withATC
interactions and neural tuning of EV and R differences and ATC interactions
encodingweights to choice prediction accuracy. A Solid lines show the fractions
of cells significantly encoding SV 1 and SV2 in the ‘linearmodelwithATC interaction’
(Methods "Linear spike-rate model with ATC interactions"). The dotted lines indi-
cate trial-order shuffles percentiles and bottom lines show significant time bins as
in Fig. 5A.Results are shown for the two subjects separately inSupplementary Fig. 7.
B Fractions of significant cells for SV 1 (top) and SV 2 (bottom) in task epochs (mean
± s.e.m. across time bins, n= 129 total cells). Dotted lines show trial-order shuffles
percentiles as in Fig. 5B. Significance is assessed via one-tailed signed rank, FDR
corrected via Benjamini-Hochberg procedure, testing that empirical data exceed
95th percentile thresholds (*p<0:05, **p<0:01, ***p<0:001, Supplementary
Table 10). C Time-averaged fractions of n= 129 total cells that exclusively encode
SV 1 or SV2, or jointly SV 1 and SV 2, or are non-significant (n.s.). Results in
B represent aggregate categories from C. The fraction of cells encoding SV 1

includes cells exclusively encoding SV 1 as well as cells encoding SV 1 jointly with

SV 2, and similarly for SV 2. Fractions in bold exceed the 95thntile of equivalent
fractions from trial-order shuffles. Subject-specific results, percentiles and sig-
nificance are in Supplementary Fig. 8. D Correlations between Area Under the
Curve (AUC) from ROC analyses of choice andmodel weights β0

i = hβ0
i tð Þi (i = 1, . . . 5,

from left to right) time-averaged at times posterior to the offer 2 onset, for the
linear model with ATC interactions (Methods "ROC analysis in the linear spike-rate
model with ATC interaction"). Each dot represents a cell (n= 129, subjects com-
bined), with AUC and model weights averaged in time bins posterior to offer 2
onset and cross-validation folds. Pearson’s coefficients ρ are assessed in sig-
nificance using two-tailed t-tests (***p<0:001, p= 1:04�10�33 for β0

1, p= 1:76�10�31

for β0
2, p= 2:09�10�28 for β0

3, p= 3:51�10�28 for β0
4, p = 2:25�10�28 for β0

5). Solid lines
show linear regression lines, shaded areas indicate ±CI computed using the stan-
dard error of the regression coefficients. The values at the bottom-right of each
panel report the median AUC across time bins posterior to offer 2 onset, cells,
cross-validation folds for positive (top) and negative (bottom) weights. Results are
shown separately for the two subjects in Supplementary Fig. 9.
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finding that gains are encoded by a higher fraction of neurons, despite
being less frequent; if the observed effects were driven by trial count,
we would expect the opposite predominance pattern seeing losses
encoded by higher fractions of cells than gains. Lastly, we also
observed that SV + always assumespositive values since both expected
utility EU + and variance of utility VU + terms are positive in gains, but
that SV� could be either positive or negative in losses, since EU� is
negative but VU� is positive. This asymmetry fairly follows the RDV

utility definition, and is also present in the RDV choice model, which
best explains behavioral data. We have checked that our main results
suggesting that SV encoding in gains entails larger fractions of cells
than in losses also holds by flipping the sign of the expected utility EU
in losses, thus making SV�

1 , SV
�
2 positive SV�

1 =�β̂2EU
�
1 + β̂6VU

�
1 ,

SV�
2 =�β̂4EU

�
2 + β̂8VU

�
2 (Methods “RDV spike-rate model”, Supple-

mentary Fig. 19) and by applying neural spike-rate analyses on z-scored
SV +

1 , SV
+
2 , SV

�
1 , SV

�
2 (Supplementary Fig. 20).

Fig. 7 | Encoding of SVs for relative gains and losses during task execution in
the spike-rate RDVmodel and neural tuning of EV and R differences encoding
weights in gains and losses to choice prediction accuracy. A Solid lines show
fractions of cells significantly encoding SV 1 gains, SV 1 losses, SV2 gains and SV 2

losses in the ‘RDV spike-rate model’ (Methods “RDV spike-rate model”). The dotted
lines indicate trial-order shuffles percentiles and bottom lines indicate significant
time bins as in Fig. 5A. Results are shown for the two subjects separately in Sup-
plementary Fig. 10. B Fractions of significant cells for SV 1 (top) gains (dark) and
losses (light), and for SV 2 (bottom) gains (dark) and losses (light) in task epochs
(mean ± s.e.m. across time bins, n= 129 total cells). Dotted lines indicate trial-order
shuffles percentiles as in Fig. 5B. Significance is assessed via one-tailed signed rank,
FDR corrected via Benjamini-Hochberg procedure, testing that empirical data
exceed the 95th percentile thresholds (*p <0:05, **p<0:01, ***p<0:001, Supple-
mentary Table 11). C Time-averaged fractions of n= 129 total cells that encode SV 1

gains (SV +
1 ), SV 1 losses (SV

�
1 ), SV 2 gains (SV

+
2 ), SV 2 losses (SV

�
2 ) exclusively, jointly

encode SVs (e.g., SV +
1 and SV�

1 ), or are non-significant (n.s.). We group joint cases
that show significant in minor quantity ( < 1% of total cells). Results in B represent

aggregate categories from C. For example, the fraction of cells encoding SV +
1

includes cells exclusively encoding SV +
1 as well as cells encoding it jointly to SV�

1

and/or SV +
2 , SV

�
2 . Fractions in bold exceed the 95th percentile of equivalent frac-

tions from trial-order shuffles. Subject-specific results, percentiles and significance
are in Supplementary Fig. 11. D Correlations between Area Under the Curve (AUC)
from ROC analyses of choice and model weights β0

i = hβ0
i tð Þi (i= 1, . . .4, from left to

right) time-averaged at time posterior to the offer 2 onset, for the RDV model
(Methods "ROC analysis in the RDV spike-rate model"). Each dot represents a cell
(n= 129, subjects combined), with AUC and model weights averaged in time bins
posterior to offer 2 onset and cross-validation folds. Pearson’s correlation coeffi-
cients ρ are assessed in significance via two-tailed t-tests (***p <0:001, p= 1:21�10�22

for β0
1, p = 1:62�10�21 for β0

2, p = 7:84�10�13 for β0
3, p= 7:46�10�15 for β0

4). Solid lines
show linear regression lines, shaded areas indicate ±CI computed using the stan-
dard error of the regression coefficients. The values at the bottom-right of each
panel report the median AUC across time bins posterior to offer 2 onset, cells,
cross-validation folds for positive (top) and negative (bottom) weights. Results are
shown separately for the two subjects in Supplementary Fig. 12.
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Discussion
This study shows that the accumulation of multi-trial tokens toward a
final jackpot significantly shapes trial-based decision-making, both
behaviorally and at the neural level. The accumulation of virtual tokens
strongly influenced the accuracy and speed at which subjects solved
the task: choices were faster and more accurate for higher ATC, par-
ticularly when jackpot achievement wasmore likely. Logisticmodeling
confirmed a significant increase in the slope of the choice accuracy for
high ATC conditions, corroborating the idea of stronger engagement
as jackpot proximity increased. Theseeffects coincidedwith a negative
trend in errors whenmore tokens were accumulated, and with a lower
propensity for risk-taking whenever the cumulative jackpot approa-
ched. Importantly, these results were alsomodulated by task difficulty,
with easier trials showing substantially fewer errors and risky choices.

To capture the mechanisms underlying these behavioral adjust-
ments, we introduced three alternative definitions of SV , combining
trial-specific, value-based offer attributes (EV , R and ATC). We for-
malized the assessment of our findings by testing three alternative
logistic choice models for ATC integration and showed that offer
evaluation is best modelled by a dynamically adapted reference-
dependent value ‘RDV’ that follows cumulative token accumulation.
The RDV model allows the decision contingencies to adapt from the
comparison of offer values when it is not possible to achieve jackpot,
to the comparison of offer value to the jackpot thresholdwhen jackpot
can be achieved, i.e., to dynamically switch from value-based to goal-
oriented task solving strategies.Model comparisons revealed that RDV
best explains behavior, suggesting that decisions are best modeled as
dynamic, reference-dependent processes tied to cumulative token
progress rather than trial-specific value differences alone, even when
including relevant interaction terms between offer values and ATC.

In addition to token-dependent behavioral effects, we also inclu-
ded model comparisons for temporal discounting models (Supple-
mentary Methods, Supplementary Tables 14–15, Supplementary
Fig. 21). In temporal discounting, the SVs scale with time delay D to
reward achievement, following an exponential factor e�kD. In our for-
mulation, we propose that temporal discounting relates to token
accumulation through the exponent kD � 6� ATCð Þ=τ (Supplemen-
tary Methods), with τ � 3:4 (Supplementary Table 15), fitted via max-
imum likelihood estimation. Inverting the above equation, we estimate
effective time-discount rates of k ≈0.88 Hz for ATC = 0, and ≈0.15 Hz
forATC = 5, comparable to reports fromprevious studies48,49. However,
in line with works showing that conventional intertemporal choice
tasks often overestimate discounting and may capture heuristic,
reward-rate-maximizing strategies rather than genuine devaluation of
delayed outcomes50,51, adding time-discounting terms to our models
did not improve predictive performance beyond RDV. Crucially, the
regression weight magnitudes for RDV coefficients remained stable
across combined variants (Supplementary Table 15), indicating that
RDV captures the substantial and behaviorally meaningful component
of subjective decisions based on expected outcomes (gains/losses)
observed across token accumulation (Supplementary Methods, Sup-
plementary Tables 14–16, Supplementary Fig. 21).

Overall, these findings extend previous work on token-based
paradigms, where progressive, multi-trial reference effects had not
previously emerged42,44. While our results align with previous beha-
vioral theories for subjective preferences1,52,53, our data demonstrate
that reference-dependent dynamics strongly influence accuracy and
response time at cumulative stages before jackpot attainment, with
measurable effects on best choice discrimination accuracy and risk-
taking attitude. The integration of positive or negative tokens as
reinforcers refines the understanding of how virtual rewards and
punishments modulate risk-taking and learning, aspects of investiga-
tion typically only studied at a coarser level54,55.

At the neural level, we tracked the encoding of SVs defined by the
three models that were used for behavioral choice assessment. Across

all models, we found that the encoding of offer SVs involved the most
prominent portion of dACC cells during the respective offer pre-
sentation and gradually faded across subsequent task epochs. The first
neural encoding model that we considered did not include ATC in the
SV definitionbut included it as an independent regressor. This showed
that ATC is encoded by large fractions of cells in dACC, often beyond
the extent of SV encoding fractions, especially outside offer pre-
sentation epochs. By correlating the neural encoding weights for the
EV and R differences and the AUC computed via ROC analyses for
choice prediction, we found that EV difference weights were more
aligned in tuning with choices than other variables considered. Cru-
cially, this also revealed that, as expected, the encoding tuning of EV
and R differences variables is aligned to choices, whereas the encoding
tuning of ATC is not aligned to choices. The second neural encoding
model that we considered included ATC interaction terms in the defi-
nition of SVs. Comparing results to the first model, we observed that
including ATC in SVs led to higher fractions of cells significantly
encoding SVs at later task times, and that correlating the encoding
weights of EV and R differences to the AUC of choice predictions
resulted in lower alignment in encoding tuning when EV and R dif-
ference terms interact with ATC. This latter result indicates that the
interaction of ATC with EV and R does not provide choice-related
tuning adjustments at the neural level. By using a token-dependent
reference, we introduced a third neural encoding model that followed
the ‘RDV’ choice model that best explained behavioral data and
allowed us to consider value-based variables as gains or losses based
on their relationship with an ATC-dependent reference. Notably, this
revealed that significantly larger fractions of dACC cells encode SVs
resulting from gains. By analyzing the fractions of cells exclusively or
synergistically encoding gains- and/or losses-related variables, we
found that that unlike gains, the losses-related variables were not
exclusively encoded by significant fractions of cells, but were always
encoded in synergy with gain-related variables. In addition, we found
that the neural encoding of EV in gains was robustly aligned with
choices, whereas this was not the case in losses. In contrast to beha-
vioral insights suggesting that ‘losses hurt more than gains’, neural
analyses results indicate that dACC possibly follows a reference-
dependent neural tuning that aligns value encoding weights to choice
mainly for gains, and less for losses.We further verified that adopting a
model combining reference-dependency with time-discounting yiel-
ded a qualitative match to the neural results (Supplementary Fig. 22),
supporting the evidence that reference-dependent valuation provides
an explanatory framework for both behavioral adjustments and dACC
encoding in our task.

Converging evidence suggests that expected rewards are
updated by experience and estimated in the frontal cortex and basal
ganglia56. Our evidence that dACC encoding follows reference-
dependent principles aligns with previous theories suggesting that
dACC supports the selection and maintenance of context-specific
sequences of behavior directed toward delayed goals57. Our results
extend previous findings relating ACC signals to post-decisional
variables related to gains or losses41,54,58, as well as to context-
dependent attentional drive59,60, elaborating on previous inter-
pretations that dACC is not directly involved in ongoing decisions
but in outcome evaluations43. Remarkably, we find that dACC
recruits larger fractions of cells for RDV gains than for losses, and
that their encoding tuning aligns with upcoming choices, linking
gains to reward anticipation16, and connecting to theories of distinct
specialized circuitry for reward anticipation and punishment across
brain structures61,62. This may have notable implications, linking the
observed reduction in risk-taking and faster responses near jackpot
completion to motivational shifts possibly mediated by dopami-
nergic modulation63. This reinforcement learning perspective sug-
gests the prioritization of rewards maximization64–67, by enhancing
neural encoding for positive expected outcomes.

Article https://doi.org/10.1038/s41467-026-70423-1

Nature Communications |         (2026) 17:7554 11

www.nature.com/naturecommunications


Furthermore, the involvement of the dACC in token accumulation
reinforcement is particularly noteworthy. Previous research has
implicated the dACC in cognitive control8,68, conflict monitoring23–25,
and value-based decision-making13,15,26,29. Our findings further support
its role in encoding the subjective value of outcomes in a dynamic,
multi-trial context, adjusting its representation as the likelihood of
jackpot attainment increases. This suggests that dACC supports
ongoing monitoring of a probabilistic, history-dependent reference
frame, an often overlooked dimension of the putative functional role
of value encoding in dACC. The dynamic influence of token accumu-
lation toward a jackpot reward provides a critical advancement for
realistic decision-making models that incorporate history-dependent
value signals and reinforcement-driven, reference-dependent shaping
in reward probability2–5,69,70.

In conclusion, this study underscores the importance of con-
sidering accumulated rewards in decision-making frameworks. By
showing how both behavior and dACC encoding adapt to reference-
dependent, multi-trial dynamics, we extend current understanding of
the neural computations supporting value-based and goal-directed
behavior in environments where reward attainability context unfolds
over time.

Methods
Experimental settings and reproducibility
The data includes n = 227 behavioral sessions from two subjects
(109 sessions, 433.28 ± 8.70mean ± s.e.m. trials per session for subject 1,
118 sessions, 500.68 ± 10.97 trials for subject 2), of which
n= 108 sessions (65 sessions, 479.16 ± 14.57 mean ± s.e.m. trials
per session for subject 1, 43 sessions, 519.35 ± 14.62 trials for subject 2)
include extracellular activity of dACC (Area 24) recorded using single
electrodes (Frederick Haer & Co., impedance range 0.8 ± 4 MΩ), while
subjects performed the task. The electrode probes were lowered using a
microdrive (NAN Instruments) until well-isolated activity was encoun-
tered. Data covered 1–3 simultaneous single neurons, Plexon system
(Plexon, Inc.) was used to isolate the action potential waveforms. Cells
are included based on quality of isolation but not on task–related
response properties. Here we present neuronal data consisting of
n= 129 single units (55 for subject 1 and 74 for subject 2). These data
were published in the context of different research questions38,39.

Experimental procedures and neural recordings
All procedures were approved by the University Committee on Animal
Resources at the University of Rochester and were designed and
conducted in compliance with the Guide for the Care and Use of Ani-
mals of the Public Health Service’s Guide for the Care and Use of
Animals (protocol UCAR-2010-169). Two male macaques (Macaca
mulatta; subject 1: age, 8 years, 11 months; subject 2: age, 10 years,
9 months) served as subjects. Recorded brain regions covered dACC,
using single-contact probes. Data include 47228 behavioral trials
(433:28± 8:70, mean ± sem across sessions) from subject 1 and 59080
(500:68± 10:97) from subject 2. Of these, 20604 (479:16 ± 14:57) from
subject 1, and 33758 (519:35 ± 14:62) from subject 2 were simultaneous
to dACC data recordings.

Behavioral task
The token-based reward gambling task consists of the sequential
presentation of two visual stimuli at the opposite sides of the screen,
providing reward offers to be subsequently chosen by performing
saccade to either target location (Fig. 1A)21,37–39. The task starts with a
first offer presentation (offer 1, 600 ms), followed by a first delay time
(delay 1, 150 ms), a second offer presentation (offer 2, 600 ms),
respectively followed by a second delay time (delay 2, 150 ms). After
fixating a central cross (re-fixate), for at least 100ms, the choice can be
reported upon choice-go cue onset, consisting of the simultaneous
presentation of both offer stimuli previously presented. Choice is

reported by fixation on target offer cue for at least 200 ms (choice). A
successful choice selection fixation was followed by 750 ms delay
period after which the gamble was resolved. Regardless of the out-
come, within the next 300 ms a small juice reward (100 μL) was
delivered to keep subjects engaged in the task. If, after the outcome
resolution less than six tokens are collected, the trial ends. If six or
more tokens are collected, after a 500 ms delay period a “jackpot”
large liquid reward (300 μL) is delivered, the token count is reset, and
the trial ends. Trials were separated by a random inter–trial interval
ranging between 0.5 and 1.5 s. Circular indicators at the bottom of the
screen report the token count through task time as empty circles,filled
according to token count. The visual offer stimuli are split horizontally
into top and bottom parts of different colors, with associated reward
magnitude and probability. The height of the top/bottom part is
informative of the associated reward probability, while the color is
informative of the magnitude. Thanks to the split, the probability of
the outcomes color-cued by the top and bottom parts of the stimuli is
always complementary. The probabilities are discretized as 10%, 30%,
50%, 70% and 90%, themagnitudes consist of reward counts (−2, −1, 0,
+1, +2, +3 tokens) including negative values. In addition, offers include
safe options where 0 (red) or 1 (blue) token are achieved with 100%
probability. Each gamble includes at least one positive or zero out-
come. This allows a less trivial level of choice computation and keeps
the subjects motivated throughout behavioral execution.

Behavioral data analyses
We analyzed behavioral data at multiple levels. First, we assessed the
factors that influenced the subjects’ choices. The visual offers cued at
magnitude v and probability p of the top (t) and bottom (b) parts of the
offers, e.g., in Fig. 1Awe showa sample configurationwhere the left offer
is of vt = + 3 tokens, and vb = � 2 tokens, while the right offer has
vt = + 1 tokens, vb = � 1 tokens. We defined the expected value as:
EV =ptvt +pbvb, where pt andpb = 1� pt are indicated by the
height fraction of the top or bottom offer segments respectively. Simi-
larly, we defined the risk associated with the offers as:
R=pt vt � EV

� �2 + 1� pt
� �

vb � EV
� �2

. In behavioral data analyses, we
stratified the analyses in ranges of accumulated tokens: ‘Low’, ‘Medium’,
‘High, and in levels of difficulty in detecting the offer with best EV : ‘Easy’
and ‘Hard’. As accumulated tokens count ranges, we use ‘Low’ ATC = [0,
1], ‘Medium’ATC = [2, 3], and ‘High’ATC = [4, 5] (Supplementary Table 1).
We defined difficulty as inversely related to the absolute EV difference
ΔEV = EV 1 � EV2

�� ��, i.e., larger ΔEV indicate lower difficulty. We used the
median value ofΔEV , median ΔEV

� �
= 1 as discriminant for ‘Easy’ (ΔEV ≥ 1)

and ‘Hard’ (ΔEV < 1) trials (Supplementary Table 2).

Generalized linear model of choice
To assess the choice performance, in Fig. 2A we used a logistic mod-
el for the ‘correct choice’ CC, defined as choice for the offer with best
EV. In symbols, CC = 1 if choice is for offer 1 when EV 1 > EV 2, and for
offer 2 when EV2 > EV 1; CC=0 in all other cases. The logistic model
assumes a logistic relationship between the correct choice CC and the
above variables: logitðpðCCÞÞ=β0 +β1ΔEV +β2MEV +β3ORL+β4ATC +
β5TSLR +β6OPT +β7JPT . We considered as regressors: the absolute
EV difference between the two offers ðΔEV Þ; the ‘Mean expected value’
as the average EV in each trial: MEV = ðEV 1 + EV2Þ=2; the ‘Offer Risk
Level’ ORL=RBest � RWorst where RBest or RWorst indicates the risk
associated to the offer with best or worst EV , respectively; the ‘Accu-
mulated Tokens Count’ ATC, i.e., the token count at the start of the
trial; the ‘Trials Since Last Reward’TSLR that is, the count, in number of
trials, since last jackpot reward; the ‘Outcome of Previous Trial’ OPT ,
that is the number of tokens achieved inprevious trial; and the ‘Jackpot
on Previous Trial’ JPT , a binary variable =1 if previous trial ended with
jackpot, =0 otherwise. Due to using previous trial variables, the first
trial in each session was removed in this analysis (n= 47,030 total trials
in subject 1, n=58911 total trials in subject 2). Prior to least squares
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estimation of the weights βi= 0, 7½ �, the regressed variables are normal-
ized to their absolute maximum value so that (ΔEV ,ATC, TSLR, JPT)
are in the range [0, 1], and (MEV ,ORL,OPT) are in the range [−1, 1], and
assessed for significance via two-tailed F-Statistics tests.

Behavioral choice accuracy and execution time
In Fig. 2B we compute the fraction of trials with correct choice (i.e.,
choice for the offer with best EV) for ‘No Jackpot’ (JPT =0) or ‘Jackpot’
(JPT = 1) on previous trial, for ‘Low’ ATC = [0, 1], ‘Medium’ ATC = [2, 3],
and ‘High’ ATC = [4, 5] (Supplementary Table 1). The same conditions
are used in Fig. 2C to analyze the fraction of errors (i.e., trials where the
subjects did not choose the offer with best EV), as well as for binned
levels of ΔEV , inversely related to the difficulty in detecting the best
offer (Supplementary Table 2). Finally, in Fig. 2D we show the logistic
relationship between expected value difference EV 1 � EV 2 and the
choice logitðpðch1ÞÞ=β0 +β1ðEV 1 � EV 2Þ for ‘Low’ and ‘High’ accumu-
lated tokens count (ATC = [0,1] or ATC = [4,5] respectively). We assess
the difference in β0, β1 for low and high ATC in Fig. 2E.

Risk propension
The Markowitz risk return model is defined via the weights of the
logistic regression of offer choice (ch1=1 for first offer choice, 0
otherwise) as logitðpðch1ÞÞ=β0 +β1 EV 1 � EV2

� �
+β2 R1 � R2

� �
. The

subject’s utility for the ith offer is modelled as a trade-off between EV
and risk, Ui = EV i � θRi. The model parameter θ= � β2=β1, describes
the behavioral attitude as risk aversion (θ>0) or risk seeking (θ<0).

Choice models and subjective values
The definition of Subjective Value (SV) followed the assessment of
alternative models of choice prediction, including task variables such
as value of the top and bottom part of the offers vt , vb

� �
, expected

values EV 1, EV 2

� �
, risks R1,R2

� �
and ATC. We considered three alter-

natives:‘linear model of choice without ATC interaction’, ‘linear model
of choice with ATC interaction’, and a ‘reference-dependent model of
choice’.

Linear model of choice without ATC interaction
We define a linear model the choice as:

logitðpðch1ÞÞ=β0 + β1ðEV 1 � EV 2Þ+ β2ðR1 � R2Þ+β3ATC, ð1Þ

with ch1 = 1 indicating choice for the first offer, ch1 = 0 for the
second offer. The model includes separate terms for EV , R, and ATC.
The model weights Θ̂= β̂0, β̂1, β̂2, β̂3

h i
are estimated via ordinary least

squares regression, i.e., by minimizing the negative log-likelihood of
the predicted variable

p̂i = 1=½1 + expðβ̂0 + β̂1ðEV 1, i � EV 2, iÞ+ β̂2ðR1, i � R2, iÞ+ β̂3ATCiÞ�, ð2Þ

for test data yi = 1 if first option is chosen, 0 otherwise. We use
k =4 fold cross-validation to estimate parameters over train subsets
and test predictions using estimated parameters over test subsets. We
apply a Ridge penalty to the negative log-likelihood, i.e., we minimize

logLðΘ̂jyiÞ ¼ �Σi½yi log p̂i þ 1� yi
� �

log 1� p̂i

� �� þ λridgejΘ̂ridgej
2 ð3Þ

with λridge =0:1 and Θ̂ridge = ½β̂1, β̂2, β̂3�.
Following this model of choice, we define subjective values as:

SV 1, i = β̂1EV 1, i + β̂2R1, i,

SV 2, i = β̂1EV2, i + β̂2R1, i:
ð4Þ

We include an ATC term in this logistic model for two main rea-
sons. First, it allows us to explicitly isolate the contribution of ATC
without conflating its effectwith offer EV and R. Second, it controls for

potential ATC-related variability that could otherwise bias the estima-
tion of β1 and β2, ensuring that EV and R related weights remain
interpretable. While this model does not include interaction terms
betweenATC and the other predictors, the estimated effect ofATCwas
very weak (β̂3 subject 1: 0:03±0:01; subject 2: 0:01 ±0:01, Supple-
mentary Fig. 2, Supplementary Table 7).

Linear model of choice with ATC interaction
We extend the linear model of the choice to include ATC interaction
terms:

logitðpðch1ÞÞ=β0 +β1 EV 1 � EV2

� �
+ β2 EV 1 � EV 2

� �
ATC

+β3 R1 � R2

� �
+β4 R1 � R2

� �
ATC +β5 R1 � R2

� �
ATC2,

ð5Þ
combining a linear interaction for EV with linear and quadratic

interaction terms forR. This designwas inspired by results in Fig. 4 and
Supplementary Fig. 1, showing linear increase in EV with ATC, and
inverted-u relation between R and ATC.

Also in this case, we estimate the model weights
Θ̂= β̂0, β̂1, β̂2, β̂3, β̂4, β̂5

h i
via ordinary least squares regression, i.e., by

minimizing the negative log-likelihood of the predicted variable

p̂i = 1=
h
1 + exp

h
β̂0 + β̂1 EV 1, i � EV 2, i

� �
+ β̂2 EV 1, i � EV2, i

� �
ATCi

+ β̂3 R1, i � R2, i

� �
+ β̂4 R1, i � R2, i

� �
ATCi + β̂5 R1, i � R2, i

� �
ATC2

i

ii
:

ð6Þ

We use k =4 fold cross-validation and Ridge penalty with
λridge =0:1 and Θ̂ridge = ½β̂1, β̂2, β̂3, β̂4, β̂5�. Following this model of
choice, we define subjective values as:

SV 1, i = β̂1EV 1, i + β̂2EV 1, i � ATCi + β̂3R1, i + β̂4R1, i � ATCi + β̂5R1, i � ATC2
i ,

SV 2, i = β̂1EV 2, i + β̂2EV 2, i � ATCi + β̂3R1, i + β̂4R2, i � ATCi + β̂5R2, i � ATC2
i :

ð7Þ

Reference-dependent value (RDV) model of choice
Wedefine a reference-dependent value ‘RDV’model basedonProspect
Theory principles. This model design relies on a token-based refer-
ence-dependent utility function for vt1, v

b
1 , v

t
2, and vb2 2 �2, + 3½ �:

u v,ATCð Þ= v� rðATCÞð ÞγðATCÞ if v≥ rðATCÞ ðgainsÞ
�λ ATCð Þ r ATCð Þ � vð Þγ ATCð Þ if v< r ATCð Þ lossesð Þ

:

(

ð8Þ
Here, the reference r (ATC) is token-dependent and defined as:

r ATCð Þ= 6� ATC
1 + e�κ0ðATC�κ1Þ

: ð9Þ

The r(ATC) function tends toward 6� ATC when ATC ≥ κ1, and
toward 0 for ATC < κ1. The formulation is grounded in the intuition
that subjects consider offered values as potential “gains” or “losses”
relative to a “missing tokens to jackpot” threshold (6� ATC) when
jackpot is achievable, or they consider offer values relative to zero
when jackpot is not achievable. In our data, κ1 is numerically fit to data
in each subject: 3.29±0.05 in subject 1, 3.08±0.06 in subject 2 (mean ±
s.e.m). These values are consistent with using 6� ATC as reference
when jackpot is reachable (i.e., ATC ≥ 3, for v 2 �2, + 3½ � allows
ATC + v≥6), and 0 when jackpot is not reachable (ATC < 3).

The utility function u v,ATCð Þ transforms the reference-
dependent value jv� rðATCÞj via a gain-sensitive parameter
γ ATCð Þ= γ0 + γ1ATC, increasing the steepness of the value-to-choice
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mapping in the gain domain. Losses are penalized by scaling factor
λ ATCð Þ= λ0 + λ1ATC + λ2ATC

2, with λ0, λ1, λ2 reflecting the Prospect
Theory asymmetry principle by which “losses hurt more than gains”.
The quadratic penalty also captures the inverted-u pattern in risk-
taking (Fig. 4 and Supplementary Fig. 1), as losses correspond with
riskiest choices in our task.

Finally, the reference-dependent utilities are used in a logistic
regression predicting choice:

logit p ch1ð Þð Þ=β0 +β1 E uðv1, ,ATCÞ
� ��E uðv2, ,ATCÞ

� �� �
+ β2 VAR u v1, ,ATC

� �� �� VAR u v2, ,ATC
� �� �� �

:
ð10Þ

Regression was performed via ordinary least squares, using

E½uðvi,ATCÞ�= uðvti ,ATCÞpt
i +uðvbi ,ATCÞð1� pt

i Þ,
VAR u vi,ATC

� �� �
= u vti ,ATC

� ��E u vi,ATC
� �� �� �2

pt
i

+ ðuðvbi ,ATCÞ �E½uðvi,ATCÞ�Þ
2
1� pt

i

� � ð11Þ

Weuse k =4 cross-validation folds, and apply Ridge penalty to the
negative log likelihood � logLðΘ̂jyiÞ as in the linear model, estimate
Θ̂= ½κ̂0, κ̂1, γ̂0, γ̂1, λ̂0, λ̂1, λ̂2, β̂0, β̂1, β̂2�, with λridge =0:1, Θ̂ridge = ½β̂1, β̂2�,
and

p̂i = 1= 1 + exp � β̂0 + β̂1 E û v1, i,ATCi

� �� ��E û v2, i,ATCi

� �� �� ��hh
+ β̂2 VAR û v1, i,ATCi

� �� �� VAR û v2, i,ATCi

� �� �� ��ii
,

ð12Þ

where û v,ATCð Þ= v� r̂ ATCð Þ� �γ̂0 + γ̂1ATC if v ≥ r̂ðATCÞ and û v,ATCð Þ=
�ðλ̂0 + λ̂1ðATCÞ+ λ̂2ðATCÞ2Þ r̂ ATCð Þ � v

� �γ̂0 + γ̂1ATC if v< r̂ðATCÞ, with

r̂ ATCð Þ= ð6� ATCÞ=ð1 + e�κ̂0ðATC�κ̂1ÞÞ.
In the RDV model, we define Subjective Values (SV ) as:

SV 1, i = β̂1E û v1, i,ATCi

� �� �
+ β̂2VAR û v1, i,ATCi

� �� �
,

SV 2, i = β̂1E û v2, i,ATCi

� �� �
+ β̂2VAR û v2, i,ATCi

� �� �
:

ð13Þ

The SVs are computed estimating Θ̂= ½κ̂0, κ̂1, γ̂0, γ̂1, λ̂0, λ̂1, λ̂2,
β̂0, β̂1, β̂2� on train data and ½vt1, i, vb1, i,pt

1, i, v
t
2, i, v

b
2, i,p

t
2, i,ATCi� from the

ith test trial, using k =4 cross-validation folds.

Neural data analyses
We analyzed the spiking activity of neurons in dACC to compute the
fraction of cells that show significant encoding of the SV . Following
the SV computation (Methods "Choice models and Subjective
Values"), we run a time-resolved analysis of the spike rate ηi tð Þ of ith
trial at time t in 200ms boxcar time windows, sliding at 10 ms offset
bins during task time. We used a linear model of the spike rate, and
tracked the fraction of cells showing significant encoding of the two
SVs. The significance of SV interaction slope is assessed to be dif-
ferent from zero via two-tailed F-statistics tests on the sum of
squared errors (SSE) of the full model
SSEF =

Pn
i = 1jηi � ðβ̂0 + β̂1SV 1, i + f. . .gÞj

2
, and of the reduced model

SSER
j = 1, 2 =

Pn
i = 1jηi � ðβ̂0 + f. . .gÞj

2
, including only β̂2 and other even-

tual regressors (indicated here with f. . .g) for the assessment of β̂1,
and, respectively, only β̂1 and other eventual regressors for the
assessment of β̂2. The F-value for βj = 1, 2 tð Þ is defined as
F *
j = 1, 2 = ððSSER

j � SSEF Þ=1Þ=ðSSEF=ðn� 2ÞÞ, with n being the number of
trials observations. The p-values are computed by comparing
empirical F-values with the F-distribution. The significance of the
fractions of cells showing significant encoding is further assessed via
the comparison of the significant fractions of cells with surrogate
results run over n= 1000 trial order randomizations, independently
generated across variables. Lastly, consecutive runs of significant

bins are assessed in length via run-length, cluster-based significance
tests20.

Spike-rate models for the encoding of value in the dACC
We investigated three models of the spike-rate derived from choice
prediction frameworks outlined in Methods “Choice models and sub-
jective values”. The first model consisted of a linear combination of EV
and risk variables alongside ATC, which we include to assess the neural
encoding of such variable independently of its interactions with value-
based parameters, as by the ‘choice model without ATC interactions’
introduced in Methods “Linear model of choice without ATC interac-
tion”. The second model extended the linear approach by introducing
interaction terms between ATC and value variables as by the ‘choice
prediction model with ATC interactions’ detailed in Methods “Linear
model of choice with ATC interation”. The third model adopted a
reference-dependent definition of value-based parameters, consistent
with the ‘RDVmodel of the choice’ described in “Reference-dependent
value (RDV) model of choice”.

Linear spike-rate model without ATC interactions
To dissect the respective contribution of EV , R, and ATC, we defined a
model of subjective value starting with a simplified linear model of
choice, considering SV as a weighted sum of EV and R, and regressing
the two SVs in a spike model with SV 1, SV 2 and ATC as in the ‘linear
model of the choicewithoutATC interactions’ (Methods “Linearmodel
of choicewithout ATC interaction”). To ensure independence between
the estimation of SV value rates and the neural rate regression, trials
were split into two disjoint subsets S1 and S2. First, we used S1 trials
to compute SV weights via a logistic fit of the choice

logitðpðch1 S1ð ÞÞÞ=β0 +β1EV
S1ð Þ
1 +β2EV

ðS1Þ
2 +β3R

ðS1Þ
1 +β4R

ðS1Þ
2 +β5ATC

ðS1Þ.

Then, weights β S1ð Þ
i =0, ..., 5, are combined with S2 data to define

SV ðS2Þ
1 = β̂

ðS1Þ
1 EV ðS2Þ

1 + β̂
ðS1Þ
3 RðS2Þ

1 , and SV ðS2Þ
2 = β̂

ðS1Þ
2 EV ðS2Þ

2 + β̂
ðS1Þ
4 RðS2Þ

2 . Fol-
lowing SV computation on S2 trial data, the subsets S1 and S2 are

swapped, to compute SVs on S1, SV ðS1Þ
1 , SV ðS1Þ

2 . This procedure
allows cross-validation by which choice-relevant SV weights are com-
puted on a first subset, then combined with independent EV , R and
ATC from a second, disjoint subset. Finally, SVs from the two
disjoint subsets are pooled together in the set S and regressed against

spiking data. The SV Sð Þ
1 , SV ðSÞ

2 are regressed with rate model

η Sð Þ
i tð Þ=β0

0 tð Þ+β0
1 tð ÞSV Sð Þ

1 + β0
2 tð ÞSV Sð Þ

2 +β0
3 tð ÞATCðSÞ, for the ith cell, and

time bin t.

Linear spike-rate model with ATC interactions
We consider a spike-rate model where EV and R interact with
the variable ATC as in the ‘linear model of the choice with ATC
interactions’ (Methods “Linearmodel of choice with ATC interaction”).
We split trials into two disjoint subsets S1 and S2 as in the ‘linear
spike-rate model without ATC interactions’ (Methods “Linear spike-
rate model without ATC interactions”). In this case the SV weights

are computed via logistic fit of the choice model logitðpðch1 S1ð ÞÞÞ=
β0 +β1EV

S1ð Þ
1 +β2EV

ðS1Þ
2 + β3EV

ðS1Þ
1 ATCðS1Þ +β4EV

ðS1Þ
2 ATCðS1Þ +β5R

ðS1Þ
1 +

β6R
ðS1Þ
2 +β7R

ðS1Þ
1 ATCðS1Þ +β8R

ðS1Þ
2 ATCðS1Þ + β9R

S1ð Þ
1 ðATC S1ð ÞÞ2 + β10R

S1ð Þ
2

ðATC S1ð ÞÞ2: We estimate the parameters β S1ð Þ
i=0, ..., 10, and define

SV ðS2Þ
1 = β̂

ðS1Þ
1 EV ðS2Þ

1 + β̂
ðS1Þ
3 EV ðS2Þ

1 ATCðS2Þ + β̂
ðS1Þ
5 RðS2Þ

1 + β̂
ðS1Þ
7 RðS2Þ

1 ATCðS2Þ +

β̂
S1ð Þ
9 R S2ð Þ

1 ðATC S2ð ÞÞ2, SV ðS2Þ
2 = β̂

ðS1Þ
2 EV ðS2Þ

2 + β̂
ðS1Þ
4 EV ðS2Þ

2 ATCðS2Þ + β̂
ðS1Þ
6 RðS2Þ

2 +

β̂
ðS1Þ
8 RðS2Þ

2 ATCðS2Þ + β̂
S1ð Þ
10 R S2ð Þ

2 ðATC S2ð ÞÞ2. The subsets S1 and S2 are swap-

ped to compute SV ðS1Þ
1 , SV ðS1Þ

2 . The SVs are then pooled in the set S as

SV Sð Þ
1 , SV ðSÞ

2 and regressed using the rate model

η Sð Þ
i tð Þ=β0

0 tð Þ+β0
1 tð ÞSV Sð Þ

1 + β0
2 tð ÞSV Sð Þ

2 , for the ith cell, and time bin t.
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RDV spike-rate model
We use reference-dependent SVs to define RDV spike-rates models
following methods in ‘Reference-dependent model of the choice’
(Methods “Reference-dependent value (RDV) model of choice”). Prior
to computing the SV weights, we compute the factors
û vti ,ATC
� �+ , û vti ,ATC

� ��, û vbi ,ATC
� �+

, û vbi ,ATC
� ��

, for both first
and second offer i= 1, 2, separating gains (+) from losses ð�Þ. Although
offer values vti , v

b
i are anti-correlated by task design

(ρ = � 0:74,p<0:001 for both first and second offer), gains and losses
could vary in top/bottom parts (t,b) of the offers. We define the gains
Expected Utility

EU +
i =

E û vti ,ATC
� �� �

if t is gain

E û vbi ,ATC
� �� �

if b is gain

E û vti ,ATC
� �� �

+E û vbi ,ATC
� �� �

if both are gains

0, if none is gain

8>>>><
>>>>:

i= 1, 2:

ð14Þ

The same definition applies to losses Expected Utility EU�
i , i= 1, 2,

and to the respective VAR utility VU +
i ,VU

�
i , i= 1, 2. The SV weights are

computed via logistic fit of the choice model logitðpðch1 S1ð ÞÞÞ=
β0 +β1EU

+
1 +β2EU

�
1 +β3EU

+
2 +β4EU

�
2 +β5VU

+
1 +β6VU

�
1 +β7VU

+
2 +

β8VU
�
2 , by estimating the Θ̂= κ̂0, κ̂1, γ̂0, γ̂1, λ̂0, λ̂1, λ̂2, β̂0, ..., 8

h iðS1Þ
(Meth-

ods “Reference-dependent value (RDV) model of choice”), and defining:

SV + S2ð Þ
1 = β̂

S1ð Þ
1 EU + S2ð Þ

1 + β̂
S1ð Þ
5 VU + S2ð Þ

1 ,

SV� ðS2Þ
1 = β̂

ðS1Þ
2 EU� ðS2Þ

1 + β̂
ðS1Þ
6 VU�ðS2Þ

1 ,

SV + ðS2Þ
2 = β̂

ðS1Þ
3 EU + ðS2Þ

2 + β̂
ðS1Þ
7 VU + ðS2Þ

2 ,

SV� ðS2Þ
2 = β̂

ðS1Þ
4 EU� ðS2Þ

2 + β̂
ðS1Þ
8 VU�ðS2Þ

2 :

ð15Þ

Following SV computation on S2, we swap S1 and S2 to
compute SV + ðS1Þ

1 , SV�ðS1Þ
1 , SV + ðS1Þ

2 , SV� ðS1Þ
2 . The SVs from the two sub-

sets are pooled in the set S and regressed separately for gains and
losses as η Sð Þ

i tð Þ=β0
0 tð Þ+β0

1 tð ÞSV + Sð Þ
1 +β0

3 tð ÞSV + ðSÞ
2 for gains, and

η Sð Þ
i tð Þ=β0

0 tð Þ+β0
2 tð ÞSV� Sð Þ

1 +β0
4 tð ÞSV� ðSÞ

2 for losses, for the ith cell, and
time bin t.

Receiver operating characteristics analysis on spike-ratemodels
choice predictions
We refined the study of spike-rate models to study their relationship
with the choice, correlating choice predicted using the spike-rate
weights (β̂0 in the respective models) in a Receiver Operating Char-
acteristics (ROC) analysis, estimating the Area Under the Curve (AUC).
Importantly, this analysis allowed to detect behavioral readout71 from
neural signals.

ROC analysis in the linear spike-rate model without ATC
interaction
First, we compute the weights β̂

0
i=0, ..., 3 using trials in the subset S1

(Methods “Linear spike-rate model without ATC interactions”) in the
model η S1ð Þ

i tð Þ=β0 ðS1Þ
0 tð Þ+β0

1
S1ð Þ tð ÞðEV S1ð Þ

1 � EV S1ð Þ
2 Þ+β0

2
S1ð Þ tð ÞðR S1ð Þ

1 �
R S1ð Þ
2 Þ+β0

3
ðS1Þ tð ÞATCðS1Þ: We compute predictive variables

pðS2Þ
1 ðtÞ= β0 ðS1Þ

1 tð ÞðEV S2ð Þ
1 � EV S2ð Þ

2 Þ,
pðS2Þ
2 ðtÞ= β0 ðS1Þ

2 tð ÞðR S2ð Þ
1 � R S2ð Þ

2 Þ,
pðS2Þ
3 ðtÞ= β0 ðS1Þ

3 tð ÞATCðS2Þ:

ð16Þ

We predict the choice by sorting the variable pðS2Þ
i = 1, 2, 3ðtÞ, and

sweeping a threshold assuming all possible values ofpðS2Þ
i = 1, 2, 3ðtÞ. At each

threshold value, we compute the true positive rate (TPR) and false
positive rate (FPR) comparing the prediction variable the choice vari-
able chðS2Þ, and constructing the ROC curve by tracing FPR versus TPR.
The AUCðS2Þ

i = 1, 2, 3ðtÞ for the respective pðS2Þ
i = 1, 2, 3ðtÞ is computed as the dis-

crete integral of the ROC curve. Lastly, we correlate the
AUCðS2Þ

i= 1, 2, 3ðtÞ
D E

and β0 ðS1Þ
i = 1, 2, 3 tð Þ

D E
using Pearson’s correlation, �h i is the

time- average across time bins posterior to offer 2 presentation and up
to the end of the trial. We only used time-averages posterior to offer 2
onset time to consider time bins where subjects had access to second
offer information, thus EV and R difference could be possibly encoded
at the neural level.

ROC analysis in the linear spike-ratemodel with ATC interaction
In this case we compute predictive variables based on the ATC inter-
action model (Methods “Linear spike-rate model with ATC interac-
tions”) and compute:

pðS2Þ
1 ðtÞ=β0 ðS1Þ

1 tð ÞðEV S2ð Þ
1 � EV S2ð Þ

2 Þ,
pðS2Þ
2 ðtÞ=β0 ðS1Þ

2 tð ÞðEV S2ð Þ
1 � EV S2ð Þ

2 ÞATCðS2Þ,

pðS2Þ
3 ðtÞ=β0 ðS1Þ

3 tð ÞðR S2ð Þ
1 � R S2ð Þ

2 Þ,
pðS2Þ
4 ðtÞ=β0 S1ð Þ

4 tð ÞðR S2ð Þ
1 � R S2ð Þ

2 ÞATCðS2Þ,

pðS2Þ
5 ðtÞ=β0 S1ð Þ

5 tð ÞðR S2ð Þ
1 � R S2ð Þ

2 ÞðATC S2ð ÞÞ2:

ð17Þ

As in the “ROC analysis in the linear spike-ratemodel without ATC
interaction”, we compute pðS2Þ

i = 1, ..., 5ðtÞ predictors of the choce chðS2Þ to
derive AUCðS2Þ

i= 1, ..., 5ðtÞ
D E

and correlate it to β0 ðS1Þ
i = 1, ..., 5 tð Þ

D E
.

ROC analysis in the RDV spike-rate model
In this case, since the model needs to compute parameter esti-
mates Θ̂ (Methods “RDV spike-rate model”), we split the trials into
three separate subsets. We estimate parameters Θ̂ on a first
subset S1, and use them to define EU + ðS2Þ

1 , EU�ðS2Þ
1 ,

EU + ðS2Þ
2 , EU�ðS2Þ

2 ,VU + ðS2Þ
1 ,VU�ðS2Þ

1 , VU + ðS2Þ
2 ,VU�ðS2Þ

2 on a second
subset S2. We fit the spike-rate as:

η S2ð Þ
i tð Þ=β0

0
S1ð Þ

tð Þ+β0
1
S1ð Þ

tð ÞðEU + S2ð Þ
1 � EU + S2ð Þ

2 Þ+β0
2
S1ð Þ

tð ÞðEU� S2ð Þ
1 � EU� S2ð Þ

2 Þ
+ β0

3
S1ð Þ

tð ÞðVU + S2ð Þ
1 � VU + S2ð Þ

2 Þ+β0
4
S1ð Þ

tð ÞðVU� S2ð Þ
1 � VU�

2
S2ð ÞÞ

ð18Þ

and compute:

pðS3Þ
1 ðtÞ=β0 ðS2Þ

1 tð ÞðEU + S3ð Þ
1 � EU + S3ð Þ

2 Þ,
pðS3Þ
2 ðtÞ=β0 ðS2Þ

2 tð ÞðEU� S3ð Þ
1 � EU� S3ð Þ

2 Þ,
pðS3Þ
3 ðtÞ=β0 ðS2Þ

3 tð ÞðVU + S3ð Þ
1 � VU + S3ð Þ

2 Þ,
pðS3Þ
4 ðtÞ=β0 S2ð Þ

4 tð ÞðVU� S3ð Þ
1 � VU� S3ð Þ

2 Þ,

ð19Þ

to predict the choice variable chðS3Þ. Based on pðS3Þ
i= 1, :::, 4ðtÞ, we compute

the AUCðS3Þ
i = 1, ..., 4ðtÞ

D E
and correlate it to β0 ðS2Þ

i = 1, ..., 4 tð Þ
D E

.

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

Data availability
Data used in this study is available at the https://doi.org/10.12751/g-
node.1kkrw6.

Code availability
Code developed for the presented analyses is available at the https://
doi.org/10.12751/g-node.1kkrw6.
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