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Supplementary Information

Task instructions

“In this experiment you will see a pair of symbols on each trial, and you need to select one of
them. You will receive points for some of your choices, which will be converted into money at
the end of the experiment, so the more points you get the more extra money you will earn. The
two symbols are not the same in terms of how often they give you points: some of the symbols
will give you points more often than others. Each symbol has its own meaning, regardless of
where it appears on the screen (so left and right are not important) or when it occurs in the task.
You will play the task in three conditions, for yourself, for the other participant, and for no one.
When you are playing for yourself, you will receive any money you win. When you are playing
for the other participant, they will receive any money you win for them. However, the other
participant won’t know how much money you earn from them until they leave the experiment
(you will leave the scanning centre at different times, and the money you earn for the other
participants will be given to them in a sealed envelope), and they do not know that you are
performing a task where you could win extra money for them. When you play for no one,
neither of you will receive any of the money. Respond using the left and right arrow keys to
make your selection. Try to respond as quickly as possible, you have about 2 seconds to make
your choice.”

Role assignment

We anonymously introduced each participant to another participant (who was in fact a
confederate of the experimenter) and informed them that they would both pick a ball out of a
box to randomly allocate them to the role of Player 1 or Player 2. Participants were told that
the tasks performed by Player 1 would affect themselves as well as Player 2, while Player 2’s
outcomes would only affect themselves. Study participants were in fact always assigned the
role of Player 1, but this procedure eliminated any potential influence of reciprocity and social
preferences. In addition, we emphasised that Player 2 would be unaware of the tasks performed
by Player 1 and that any reward won for them would be given anonymously.

To make it clear that another individual was involved, the participant and confederate were
brought to each side of a door by separate experimenters and were instructed to wave to each
other while wearing a glove (Fig. 1D). To maintain complete anonymity, both individuals were
asked to remain silent and only ever saw the other person’s gloved hand. The experimenter
then tossed a coin to determine who would pick a ball first and subsequently informed the
participants of their assigned roles based on the ball they picked. While most identifying
characteristics of Player 2 remained undisclosed to the participant, Player 2 was referred to by
a name gender-matched to the participant. This strengthened the realism of prosocial decisions
while minimising confounds. No participant reported disbelieving the presence of another real
player in the standardised debrief questionnaire completed at the end of the session.
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Questionnaires

Apathy Motivation Index

The Apathy-Motivation Index' (AMI) was used to assess apathetic traits. This 18-item
questionnaire measures individual differences in apathy and motivation and requires
participants to rate their agreement with each item on a 5-point Likert scale (0-4). Higher scores
indicate higher apathy.

Beck Depression Inventory

We used the 21-item Beck Depression Inventory? (BDI) to measure depressive symptoms.
Participants indicated their agreement with each item on a 4-point Likert scale (0-3) for each
item, with higher scores reflecting higher depression.

Questionnaire of Cognitive and Affective Empathy

The Questionnaire of Cognitive and Affective Empathy® (QCAE) is composed of 31 items split
into two subscales respectively measuring cognitive and affective empathy. Subjects evaluate
item on a four-point scale ranging from "strongly disagree" to "strongly agree."

Trail Making Test

The Trail Making Test* (TMT) comprises two sections (A and B), and participants are
instructed to complete these as quickly and accurately as possible. TMT-A involves
sequentially connecting 25 numbers in ascending order (i.e., 1-2—-3—4, etc.). The numbers are
randomly positioned on a sheet of paper, serving as a measure of visual attention. In TMT-B,
the participants must alternate between numbers (1-13) and letters (A—L) while connecting
them (i.e., ~A—2—-B-3-C, etc.), in order to assess executive function. The score on each part
represents the amount of time needed to finish the respective task.

Statistical analysis

Trial-by-trial binary choices were modelled with a binomial generalised LMM (GLMM)
containing fixed effects of recipient (self or other), group (vmPFC, HC or LC), trial number,
as well as all possible interactions, and a subject-level random intercept. In all models, group
and agent were coded using treatment contrasts, with the vimPFC lesion group and the prosocial
recipient as reference levels. Trial number was z-scored before being entered into the model.
Models of computational parameters (Qpositive pE aNd Opegative pr) had fixed effects of
recipient, and a subject-level random intercept, as there is only one datapoint per participant
per recipient.

The final models for each variable were:

Choice ~ Recipient * Group * Trial Number + (1|/ID) with binomial link function
Upositive PE ~ Recipient * Group + (1{ID)

Opegative PE ~ Recipient * Group + (1/ID)

We used the parameters package® (model parameters function) to extract standardised model
coefficients (exponentiated to generate odds ratios), their standard errors, and 95% confidence
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intervals. P-values were computed based on the Wald z-test, the default in glmmTMB. All other
parameters were glmmTMB default.

Computational modelling

We assessed learning rates («) and decision noise (temperature, §) parameters by comparing a
range of models that represented different plausible explanations of prosocial reinforcement
learning. First, we used a basic model of reinforcement learning, which includes a single
learning rate a and temperature parameter 5. In this model, the expected value Q of a stimulus
s on the next trial £ + 1 is computed as the value of this stimulus on the current trial, updated
with a prediction error PE scaled by the learning rate a:

Qe+1(s) = Qi(s) + a X PE (D)

Where PE is the discrepancy between the actual outcome received on the current trial 7, and
the expected value of the stimulus chosen on this trial:

PE =1, — Q(s) (2)
As such, the learning rate dictates the influence of the prediction error on decision-making.

Expected values are then passed through the Softmax function to obtain the probability of
choosing a stimulus on each trial depending on the temperature £:

¢ @es)/B)
pel(s1Qc ()] = 5o 3)

The temperature parameter [ serves as a measure of decision noise, representing whether a
participant tends to explore different options or consistently opts for the choice with the highest
expected value. A high  implies that decisions appear more random, as all options are equally
likely to be selected regardless of their expected value. In contrast, a low f value signifies
choosing the option with the highest expected value on all trials.

As outlined in Fig. 2, we first sought to determine how many agent-based learning rates were
needed to best describe choices in patients with vmPFC damage and healthy controls, with
versions including between zero and three learning rates. Previous research using the same task
has shown that a model with three learning rates (one a for each recipient condition) best
characterised healthy participants decisions compared to models with either one or two learning
rates combining recipient conditions.’ In the current study, we compared these models to a win-
stay/lose-shift model, which does not include a learning rate because it does not involve
learning contingencies, but rather choosing based only on the most recent outcome. Indeed,
using this decision-making strategy implies that choices are completely dependent on the most
immediate previous outcome. One would ‘stay’ with the same stimulus if it just yielded a
reward, and ‘shift’ to another if it had not. We found that models with three learning rates, one
for each recipient, best described choices in both groups.

Next, we investigated whether additional learning rates may be necessary in either group.
Based on research showing that vimPFC may be involved in valence processing, we constructed
candidate models testing whether learning rates were different for positive versus negative
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prediction errors. As such, for each agent, these models included two learning rates depending
on prediction errors:

Qt+1(s) = Qt(s) + a[valence] for [agent] X PE (4)

Additionally, based on research highlighting the importance of hypotheticals and
counterfactual learning in reinforcement learning,”® we built models testing whether learning
rates might differ for chosen versus unchosen stimuli. For each agent, these models included
two learning rates updating the value of each stimulus on each trial:

Qt+1(s) = Qt(s) + a[chosen/unchosen] for [agent] X PEa (5)

For each model family, we also built a version with a single noise parameter, and a version with
three noise parameters (one per recipient condition). The final model space comprised the
following:

(1) la1f: one a for all three recipients and one f for all three recipients
(11) 30{1,8: 6}:selfa Hother> Xno one> ﬂ

(111) 20{1,8: Uselfs Anot self[other + no one]> ,3

(IV) 20{1,8: Xothers Anot other[self + no one]> ﬁ

(V) 20{1,8: Ono ones Anot no one[self + other]» ﬁ

(Vl) 30{3,8: 6}:selfa Hother> Xno one> ﬂself: Bothera ﬁno one

(vii))  OalpB:no a based on win-stay/lose-shift,

(Vlll) 00{3,8: ﬁself: ﬁothera ﬁno one

(IX) 6a 1,8: aself positive PE> aself negative PE> Aother positive PE>» Tother negative PE>
Xno one positive PE>» Ono one negative PE> ,8

(X) 60{3,8: aself positive PE» aself negative PE> Aother positive PE>» Tother negative PE>
Xno one positive PE» Ono one negative PE> lgselfa ﬁothera ﬂno one

(Xl) 40{1,8: aself chosens @other chosens no one chosen> Xunchosens B

(XH) Sa 1,8: aself chosen» Xother chosens ®no one chosens Xother unchosens
Unot other [self + no one] unchosen> ﬁ

(Xlll) 60{3,8: aself chosens> other chosens Xno one chosens aself unchosen> Xother unchosens

Xno one unchosens ﬁselfa ﬁothera ﬁno one

Model fitting

We fit these models to the choice data in MATLAB?® using an iterative maximum a posteriori
(MAP) approach, in line with previous studies of reinforcement learning.%!%!! For this, we
initialized Gaussian distributions as non-informative priors with an average of 0.1 (plus some
noise) and a variance of 100. In the expectation step, we estimated model parameters for each
participant through maximum likelihood estimation (MLE), calculating the log-likelihood of
their response data given the model under consideration. We subsequently computed the
maximum posterior probability estimate based on the participants' actual choices and on the
prior probabilities from the Gaussian distribution. During the maximization step, we updated
the Gaussian distribution describing the model parameters. These alternating expectation and
maximization steps were iteratively performed until either the posterior likelihood converged
(defined as a change in posterior likelihood <0.001 between consecutive iterations), or a
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maximum of 800 iterations were reached. When 800 iterations were reached, the script looped
back and attempted fit the model again using a new starting value. This ensured that all models
eventually converged within 800 iterations. Additionally, we transformed bounded free
parameters from the Gaussian space into the native model space using link functions, such as
a sigmoid function for learning rates. Due to the large difference in group sizes, modelling was
run separately for each group.

Model comparison

Based on established procedure,'> we compared models by computing the Laplace
approximation of the log model evidence!® (LME), where higher values indicated a better fit
for the model. These results were then subjected to a random-effects analysis'4 using spm BMS
from Statistical Parametric Mapping (SPMI2'5; update revision number 7771;
https://www.fil.ion.ucl.ac.uk/spm/software/spm12/). This analysis produced the exceedance
probability, which represents the posterior probability that a given model is the most likely
among the set of models considered for the given population. A higher exceedance probability
suggests stronger evidence in favour of a particular model, with values over 0.95 strongly
supporting the best-fitting model. Lastly, we calculated the integrated BIC (BICiy), which
penalises models with numerous parameters, as an additional metric for model fit. Lower BIC;n
values indicate better performance.

Parameter recovery

We used simulated data to establish that the parameters could be accurately estimated based on
our trial schedule.®!'® Data was simulated using a grid of values to cover the full possible ranges

of the seven parameters (apositive PE self > anegative PE self > apositive PE other> anegative PE other>
Upositive PE no one> @negative PE no one» B) 1N the winning model across 4374 simulated agents
(a values: 0.2, 0.5, 0.8; S values: 0.01, 0.11, 0.21, 0.31, 0.41, 0.51, all with added noise drawn
from a normal distribution * 0.5). We fit the simulated data using the MAP approach applied
to data from the participants and created a confusion matrix of the correlations between
simulated and fitted parameter values (Supplementary Fig. 2).

Voxel-based lesion-symptom mapping (VLSM)

To examine whether specific vmPFC subregions were causally involved in prosocial and self-
benefitting reinforcement learning, we conducted VLSM analyses for 1) positive PE learning
rates and 2) negative PE learning rates, for each examining i) other-no one difference, ii) other-
self difference, and iii) self-no one difference. These analyses therefore examined the specific
subregions of vmPFC where damage was causing the behavioural differences we observed
between groups. We used the learning rate parameters specifically, in line with our
computational neurology approach, to separately test hypotheses about positive and negative
learning rates.

We quantified these variables for each participant by calculating individual learning rates (see
Computational modelling), then subtracting 1) the learning rate for no one from the learning
rate for other, ii) the learning rate for self from the learning rate for other, and iii) the learning
rate for no one from the learning rate for self. Because the no one condition measured general
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probabilistic associative learning, subtracting learning rates for this condition from our
conditions of interest (other; self) allowed us to obtain more precise assessments of the effect
of reward recipient for each individual, while controlling for their general associative learning
abilities. Altogether, this led to three difference scores for positive learning rates and three
difference scores for negative learning rates for each participant.

We used the randomise function within the FMRIB software library (FSL)!” to conduct
permutation-based VLSM analyses.'®!° We mirrored and binarized patients’ lesion maps,
creating symmetrical masks to enhance statistical power and account for the absence of prior
hypothesis regarding laterality. To mirror lesion maps, we collapsed data across the two
hemispheres by summing the voxel values in SPMI2,'5 producing a symmetrical
representation. Mirrored lesion maps were then binarized by assigning a value of 1 to voxels
with summed values >1, while voxels with values of 0 remained unchanged. Consistent with
prior work,?*2! this approach ensured a consistent binary mask across hemispheres. The
inclusion of voxels in the VLSM required that at least five patients had damage in each voxel
to some degree (Supplementary Fig. 3). While this meant that the voxels tested were mostly
restricted to the vmPFC, lesion controls were included in the analyses to control for the general
effect of having a brain lesion regardless of location. Following FSL specifications for the
nature of our design, each regressor was ranked and then demeaned. P-values were generated
using permutation-based threshold-free cluster enhancement (TFCE) in randomise with 5000
permutations and FSL’s default TFCE settings, optimised for this type of data.!”!” Permutation
testing involved multiple repetitions of the same analysis with the data randomly shuftled,
calculating voxel-wise p-values to capture the likelihood that the real, observed effect could be
attributed to random noise. This approach aligns more closely with the data’s inherent
characteristics, relies on fewer assumptions than alternative methods, and can be combined
with the benefits of TFCE.!?

For positive PE and negative PE learning rates, we applied a Bonferroni correction for multiple
comparisons across the three difference scores (other-no one, other-self, and self-no one;
p<0.0167) to the uncorrected maps from the permutation-based TFCE results. For
visualisation, we applied binarized masks of the significant areas from each analysis to the #-
values. We also extracted the extent of damage in these regions for each participant to plot
against the relevant learning rate difference scores.

Regions of subgenual anterior cingulate cortex were labelled using anatomical masks
developed by Palomero-Gallagher and colleagues?? while other parts of vmPFC were labelled
using the fourth edition of Atlas of the Human Brain® (https://www.thehumanbrain.info/).
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Supplementary Figure 1 Non-significant correlations between total lesion volume and
VLSM predictors. To validate the voxel-based lesion symptom mapping (VLSM), we
conducted a control analysis of the correlations between total lesion size and each of the five
behavioural predictors. The absence of significant correlations in all instances indicates that
the overall lesion size did not interfere with the VLSM analysis, confirming that the results are
specifically linked to damage in the identified subregions.
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Supplementary Figure 2 Parameter recovery. Strong parameter recovery for the winning
model is shown by the high correlations between simulated and recovered parameters on the
diagonal and low correlations off the diagonal. Simulations for parameter recovery used a grid
of values for « (0.2, 0.5, 0.8) and 8 (0.01, 0.11, 0.21, 0.31, 0.41, 0.51), with added noise drawn
from a normal distribution * 0.5.
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y=36

Supplementary Figure 3 Voxels included in voxel-based lesion-symptom mapping
(VLSM) analysis including at least five patients with damage. We conducted VLSM in all
patients with damage n=49), including only voxels where at least five patients had damage
(shown in copper; see Methods).
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Supplementary Figure 4 Time course of accuracy across pairs of trials for each group and
recipient. Learning curves showing choices in the three recipient conditions (self: blue, other:
green, no one: purple) for each group (healthy controls: squares, patients with vmPFC lesion:
circles, lesion controls: triangles). Accuracy on each trial number was averaged over the three
blocks for the self, other and no one recipients (three blocks of 16 trials were presented for each
recipient), and was then binned across pairs of trials for visualisation purposes. Points show
group mean and error bars are standard error of the mean. HC: healthy controls, vmPFC:
patients with ventromedial prefrontal cortex damage, LC: lesion controls.
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Supplementary Table 1 Summary of demographic variables across the three groups
HCvs. LCvs. HCyvs.

Variable HC vmPFC Lc vmPFC vmPFC  LC
mean [SD] mean [SD] mean [SD]
p-value  p-value p-value
Age 52.94 [22] 57.43 [11] 56.33 [10] 0.84 0.41 0.82
AMI 1.17[0.45] 1.38 [0.57] 1.45 [0.66] 0.14 0.47 0.04
BDI 6.29 [7.73] 10.37[7.97] 12.67[10.25]  0.003 0.50 0.001
AE 32.65 [5.69] 31.19 [6.54] 34.00 [4.83] 0.43 0.14 0.23
CE 58.48 [7.7] 56.48 [9.52] 57.48 [7.27] 0.62 0.90 0.66

Trail A 27.11[12.31] 26.63[10.05] 30.17[13.45] 0.99 0.40 0.33
Trail B 58.79[28.95] 72.14[44.53] 82.91 [55.85] 0.28 0.40 0.023
Note. HC: Healthy controls, LC: Lesion controls, SD: standard deviation of the mean, AMI:
Apathy Motivation Index, BDI: Beck Depression Inventory, AE: Affective Empathy subscale
of the Questionnaire of Cognitive and Affective Empathy, CE: Cognitive Empathy subscale of
the Questionnaire of Cognitive and Affective Empathy, Trail A / B: Trail Making Test Part A

/ Part B, M: male; p-values for comparisons between groups are from Wilcoxon two-sided
signed rank tests.
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Supplementary Table 2 Generalised linear mixed effects model predicting accuracy

OR 95% CI1 VA P
Lower  Upper

Intercept 1.44 1.00 2.09 1.95 0.051
Trial number 1.18 1.05 1.33 2.73 0.006**
Recipient

Other vs. Self 1.23 1.04 1.45 2.41 0.016%

Other vs. No one 1.28 1.08 1.52 2.89 0.004**
Group

vmPFC vs. HC 2.06 1.37 3.10 345 <0.001***

vmPFC vs. LC 1.32 0.75 2.32 0.96 .34
Trial number * Recipient

Other vs. Self 0.90 0.76 1.06 -1.23 0.22

Other vs. No one 0.98 0.83 1.16 -0.26 0.80
Trial number * Group

vmPFC vs. HC 1.14 1.00 1.30 1.94 0.052

vmPFC vs. LC 0.96 0.80 1.15 -0.47 0.64
Recipient * Group

vmPFC vs. HC: Other vs. Self 0.92 0.76 1.11 -0.89 0.38

vmPFC vs. HC: Other vs. No one 0.76 0.63 0.91 -2.91 0.004**

vmPFC vs. LC: Other vs. Self 0.88 0.68 1.14 -0.94 0.35

vmPFC vs. LC: Other vs. No one 0.67 0.52 0.86 -3.13 0.002**
Trial number * Recipient * Group

vmPFC vs. HC: Other vs. Self 1.03 0.86 1.25 0.34 0.73
vmPFC vs. HC: Other vs. No one 1.02 0.84 1.23 0.21 0.83
vmPFC vs. LC: Other vs. Self 1.18 0.92 1.53 1.28 0.20
vmPFC vs. LC: Other vs. No one 1.21 0.93 1.56 1.44 0.15

Note. HC: healthy controls, vimPFC: patients with ventromedial prefrontal cortex damage, LC:
lesion control with brain damage elsewhere, OR: odds ratio, 95% CI: 95% confidence interval,
Z: Z-value of effect, p: p-value of effect. Bolded p-values are statistically significant, and
asterisks represent the level significance (*p<0.05, **p<0.01, ***p<0.001).

10
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Supplementary Table 3 Post-hoc tests for accuracy

Contrast OR SE Z-ratio  FDR-corrected p
value
Group: HC Other vs. Self 0.89 0.04 -2.70 0.025*
Other vs. No one 1.03 0.05 0.74 0.55
Self vs. No one 1.17 0.05 3.44 0.005%*
Group: vimPFC Other vs. Self 0.81 0.07 -2.41 0.035*
Other vs. No one 0.78 0.07 -2.89 0.017*
Self vs. No one 0.96 0.08 -0.50 0.65
Group: LC Other vs. Self 0.92 0.09 -0.84 0.52
Other vs. No one 1.17 0.11 1.63 0.15
Self vs. No one 1.27 0.13 2.46 0.035*
HC vs. vmPFC Self 0.53 0.11 -3.04 0.014*
Other 0.49 0.10 -3.45 0.005**
No one 0.64 0.13 -2.11 0.070
HC vs. LC Self 1.62 0.38 2.04 0.074
Other 1.56 0.37 1.89 0.096
No one 1.77 0.42 2.43 0.035*
LC vs. vimPFC Self 0.86 0.25 -0.54 0.65
Other 0.76 0.22 -0.96 0.47
No one 1.14 0.33 0.46 0.65

Notes. HC: healthy controls, vimPFC: patients with ventromedial prefrontal cortex damage, LC:
lesion control with brain damage elsewhere, OR: odds ratio, SE: standard error, FDR: false
discovery rate. Bolded p-values are statistically significant, and asterisks represent the level of
significance (*p<0.05, **p<0.01, ***p<0.001).

11
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Supplementary Table 4 Model selection criteria across the full model space

Model ABICin¢ (Lower = better) LME (Higher = better)

HC vmPFC LC HC vmPFC LC
lalp 879.20 139.22 202.52 -9153.36  -2385.96  -1785.99
3alp 685.22 165.53 121.48 -9043.25 -2394.84  -1741.43
2ason1p 776.90 148.42 186.56 -9090.42 -2389.43 -1772.83
2ao0i5N1p 834.88 148.00 178.90 -9118.59  -2386.63 -1771.15
2ans+olp 751.01 170.38 114.72 -9079.56  -2397.70  -1735.66
3a3p 1012.42 231.26 165.92 -9219.11 -2419.23 -1753.70
Oalp
0a3p
6apE1ﬂ
6are3f 395.03 96.17 55.94 -8911.60  -2343.57
4achosenl B 648.08 96.78 138.67 -9025.81 -2352.89  -1741.55
SQchosenl B 700.32 120.03 151.99 -9048.83 -2358.25 -1743.34

6Qchosen1 B 1051.73 225.24 190.697151 -9198.49  -2394.71 -1752.07

Notes. Values are colour-coded from green (best fitting model) to red (worst fitting model).
The a and [ parameters represent the learning rate and temperature (i.e., decision noise)
parameters, respectively. The S, O, N, PE, and chosen subscripts represent the self condition,
other condition, no one condition, prediction-error-based learning rates, and chosen/unchosen-
based learning rates, respectively. Bolded values denote the winning model. ABICiy: integrated
Bayesian Integrated Criterion (BIC) relative to the winning model (lower is better; 0 indicates
winning model), LME: log model evidence (higher is better), HC: healthy controls, vimPFC:
participants with ventromedial prefrontal cortex lesions, LC: lesion controls.

12
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Supplementary Figure 5 Winning model captured the pattern of learning across groups
and conditions. Learning curves showing real experimental data (solid lines) and simulated
choices (dashed) in the three recipient conditions (self: blue, other: green, no one: purple) for
each group (healthy controls: squares, patients with vmPFC lesion: circles, lesion controls:
triangles). Simulated data was created using the median parameter values for each recipient for
each group (aself positive PE, (self negative PE, Qother positive PE, Qother negative PE, &no one positive PE, Ano
one negative PE, [3). A grid of parameter values was based on the parameter medians +/- 0.05, with
noise = 0.1 was used to simulate choices (n=128). Accuracy on each trial number was averaged
over the three blocks for the self, other and no one recipients (three blocks of 16 trials were
presented for each recipient), and was then binned across pairs of trials for visualisation
purposes. Points show group mean and error bars are standard error of the mean. HC: healthy
controls, vmPFC: patients with ventromedial prefrontal cortex damage, LC: lesion controls.

13
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Supplementary Figure 6 Decision noise did not significantly differ between the groups.
Error bars are standard error of the mean. n=173 (124 healthy controls, 28 patients with
ventromedial prefrontal cortex damage, 21 with damage elsewhere). HC: healthy controls,
vmPFC: patients with ventromedial prefrontal cortex damage, LC: lesion controls.

Supplementary Table 5 Linear mixed effects model predicting positive PE learning rates

OR 95% CI Z p
Lower  Upper

Intercept 1.66 1.58 1.75 1930 <0.001***
Recipient

Other vs. Self 1.14 1.06 1.22 3.59  <0.001%***

Other vs. No one 1.12 1.04 1.20 3.06 0.002%*
Group

vmPFC vs. HC 0.90 0.85 0.96 -3.53  <0.001***

vmPFC vs. LC 1.03 0.95 1.11 0.67 0.50
Recipient * Group

vmPFC vs. HC: Other vs. Self 0.97 0.90 1.05 -0.68 0.49

vmPFC vs. HC: Other vs. No one 0.84 0.78 0.91 -436  <0.001***

vmPFC vs. LC: Other vs. Self 0.81 0.73 0.90 -3.87  <0.001***

vmPFC vs. LC: Other vs. No one 0.87 0.78 0.97 -2.58 0.010*
Notes. OR: odds ratio, 95% CI: 95% confidence interval, Z: Z-value of effect, p: p-value of

effect. Bolded p-values are statistically significant, and asterisks represent the level
significance (*p<0.05, **p<0.01, ***p<0.001).
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Supplementary Table 6 Post-hoc tests for positive PE learning rates

Contrast OR SE t-ratio FDR-corrected p
value
Group: HC Other vs. Self -0.10  0.02 -5.96 <0.001%**
Other vs. No one 0.06 0.02 3.71 <0.001%**
Self vs. No one 0.16 0.02 9.67 <0.001%**
Group: vimPFC Other vs. Self -0.13  0.04 -3.59 <0.001%**
Other vs. Noone  -0.11  0.04 -3.06 0.004%*
Self vs. No one 0.02 0.04 0.53 0.60
Group: LC Other vs. Self 0.08 0.04 2.01 0.062
Other vs. No one 0.03 0.04 0.76 0.50
Self vs. No one -0.05 0.04 -1.25 0.25
HC vs. vmPFC Self 0.13 0.03 4.45 <0.001%**
Other 0.10 0.03 3.53 <0.001%**
No one 0.28 0.03 9.45 <0.001%**
HC vs. LC Self 0.05 0.03 1.66 0.12
Other -0.13  0.03 -3.94 <0.001%**
No one -0.16  0.03 -4.91 <0.001%**
LC vs. vimPFC Self 0.19 0.04 4.59 <0.001%**
Other -0.03  0.04 -0.67 0.53
No one 0.11 0.04 2.83 0.007%*

Notes. HC: healthy controls, vimPFC: patients with ventromedial prefrontal cortex damage, LC:
lesion control with brain damage elsewhere, OR: odds ratio, SE: standard error, Z: Z-value of
effect, FDR: false discovery rate. Bolded p-values are statistically significant, and asterisks
represent the level of significance (*p<0.05, **p<0.01, ***p<0.001).
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Supplementary Table 7 Linear mixed effects model predicting negative PE learning

rates
OR 95% CI Z P
Lower  Upper
Intercept 1.24 1.18 1.30 8.57 <0.001***
Recipient
Other vs. Self 0.94 0.89 0.98 -2.58 0.010%
Other vs. No one 0.92 0.87 0.97 -3.38  <0.001***
Group
vmPFC vs. HC 0.93 0.88 0.98 -2.54 0.011*
vmPFC vs. LC 0.99 0.92 1.07 -0.24 0.81
Recipient * Group
vmPFC vs. HC: Other vs. Self 1.06 1.00 1.12 2.11 0.035*
vmPFC vs. HC: Other vs. No one 1.03 0.97 1.08 0.95 0.34
vmPFC vs. LC: Other vs. Self 1.13 1.05 1.22 3.16 0.002**
vmPFC vs. LC: Other vs. No one 0.99 0.92 1.07 -0.25 0.80

Notes. OR: odds ratio, 95% CI: 95% confidence interval, Z: Z-value of effect, p: p-value of
effect. Bolded p-values are statistically significant, and asterisks represent the level

significance (*p<0.05, **p<0.01, ***p<0.001).
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Supplementary Table 8 Post-hoc tests for negative PE learning rates

Contrast OR SE t-ratio FDR-corrected p
value
Group: HC Other vs. Self 0.01 0.01 0.50 0.70
Other vs. No one 0.06 0.01 491 <0.001***
Self vs. No one 0.05 0.01 491 <0.001***
Group: vimPFC Other vs. Self 0.06 0.03 2.58 0.023*
Other vs. No one 0.08 0.03 3.38 0.003**
Self vs. No one 0.02 0.03 0.81 0.55
Group: LC Other vs. Self -0.06  0.03 -1.95 0.085
Other vs. No one 0.09 0.03 3.26 0.004**
Self vs. No one 0.15 0.03 5.20 <0.001***
HC vs. vimPFC Self 0.01 0.03 0.40 0.73
Other 0.07 0.03 2.54 0.023*
No one 0.04 0.03 1.58 0.17
HC vs. LC Self -0.12  0.03 -3.98 <0.001***
Other -0.06  0.03 -1.96 0.085
No one -0.02  0.03 -0.80 0.55
LC vs. vmPFC Self -0.11 0.04 -2.96 0.008**
Other 0.01 0.04 0.24 0.81
No one 0.02 0.04 0.49 0.70

Notes. HC: healthy controls, vmPFC: patients with ventromedial prefrontal cortex damage,
OR: odds ratio, SE: standard error, Z: Z-value of effect, FDR: false discovery rate. Bolded p-
values are statistically significant, and asterisks represent the level of significance (*p<0.05,
**p<0.01, ***p<0.001).
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Supplementary Figure 7 Correlations between positive PE learning rate parameters for
each recipient and damage in regions identified in VLSM analysis. As a follow-up to the
voxel-based lesion-symptom mapping (VLSM) analysis, we plotted damage in the identified
areas against learning rates for positive PE for each recipient separately. Note that these graphs
are provided for visualization and interpretation of the VLSM results and are not intended for
quantitative analysis. Top row: first, we plotted damage in the sgACC area found to be
negatively associated with the other-no one difference in learning rates against positive PE
learning rates for (A) other and (B) no one. Bottom row: next, we plotted damage in the broader
vmPFC area found to be negatively associated with the other-self difference against positive
PE learning rates for (C) other and (D) self.
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Supplementary Figure 8 Damage to lateral portions of vmPFC was positively associated
with the difference between self and no one in learning rates for positive PE. (A) Healthy
controls had higher learning rates for positive PEs for self relative to no one, a pattern absent
after vimPFC damage. (B) Permutation-based, whole-brain, non-parametric voxel-based lesion
mapping (VLSM) reveals that damage to lateral parts of vimPFC (area 13; peak 8, 26, -12) is
associated with the difference between self and no one learning rates for positive PEs. (C)
Plotting the association between the difference in positive alphas for self-no one against the
extent of damage in the area identified in the relevant VLSM analysis. As a follow-up, we
plotted each recipient separately to examine how damage in the identified area affected learning
rates for positive PEs (D) for self and (E) for no one. Note that graphs (C), (D), and (E) are
provided for visualization and interpretation of the VLSM results and are not intended for
quantitative analysis. N =49 (28 patients with ventromedial prefrontal cortex damage, 21 with
damage elsewhere). PE: prediction error, HC: healthy controls, vmPFC: patients with
ventromedial prefrontal cortex damage, LC: lesion controls. *p<0.05, **p<0.01, ***p<0.001.
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Supplementary Figure 9 Correlations of individual negative PE parameters for other and
self with damage in identified vmPFC regions. As a follow-up to the voxel-based lesion-
symptom mapping (VLSM) analysis, we plotted each recipient separately to examine how
damage in the identified regions (sgACC and ACCg) affected learning rates for negative PEs
(A) for other and (B) for self. Note that these graphs are provided for visualization and
interpretation of the VLSM results and are not intended for quantitative analysis.

Supplementary Table 9 Results of VLSM analyses with peak coordinates

Voxels MNI coordinates )2
X y z
Learning rates for positive PEs
Other — No one 33 +4 20 -4 0.005**
Other — Self 3452 8 32 -20 <0.001%**
Self — No one 847 8 26 -12 0.007**
Learning rates for negative PEs
Other — Self 3 8 6 -16 0.013*
1 +4 10 -10 0.016*
1 2 34 8 0.017*
Self — No one 99 8 14 -22 0.004**

Notes. PE: prediction error, MNI: Montreal Neurological Institute. Bolded p-values are

statistically significant, and asterisks represent the level of significance (*p<0.05, **p<0.01,
*x4p<0.001).
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