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ABSTRACT

Humans are remarkable at adapting to changing norms, yet we know little about how the human
brain encodes these social signals at the single neuron level. Here, we recorded the activity of single
neurons in the substantia nigra and globus pallidus in neurosurgical participants as they played an iterative
ultimatum game versus human and computer avatars. Using computational modeling of behavior, we found
that putative dopaminergic units in the substantia nigra tracked the valence of norm prediction errors, with
greater encoding during gameplay with human versus computer avatars. Analogous analyses in the globus
pallidus, a nucleus adjacent to the substantia nigra, found no significant effect. Our results identify a novel

role for the substantia nigra in encoding social learning signals.

KEYWORDS

Social decision making, human substantia nigra, single unit recording

AUTHOR SUMMARY

An important skill within social functioning is the ability to learn and adapt to changing social norms, or rules
of behavior among social groups. While computational modeling of behavior has advanced our
understanding of how humans learn social norms, little is known about what neural mechanisms support
this process. Here, we leverage computational modeling of behavior in conjunction with human intracranial
recording to investigate how the human brain encodes norm learning signals at the single neuron level. We
recorded the activity of single neurons in the human substantia nigra pars reticulata (SNr) and globus
pallidus internus (GPi) in neurosurgical participants as they played a social exchange game with human
and computer avatars. We estimated trial-by-trial norm prediction errors (nPEs), or mentally computed
errors in social prediction, and revealed that putative dopaminergic SNr neurons encoded the valence of
nPEs, with greater encoding observed during gameplay with human versus computer avatar partners. This
finding was not observed in the GPi. Together, our results expand upon existing knowledge about the SNr

by identifying a novel role for SNr neurons in social norm learning.
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INTRODUCTION

Humans are inherently social creatures. '8 One key inquiry into the social nature of human behavior
has centered around our perception of and response to social norms defined as culturally accepted rules
or patterns of behavior among social groups.®'2 Previous work has conceptualized norms as relatively
stable social perceptions. More recently, however, computational modeling of behavior has started to
elucidate the dynamic and flexible nature in the human perception of norms by showing that humans can
adjust to changing social environments based on norm prediction errors (nPEs), defined as the difference
between a social signal or offering and one’s internal expectation.'3-® Neuroimaging and lesion evidence
has shown a role of anterior insula and ventral striatum in tracking nPEs. 1316 Yet, due to certain limitations
of these methods (e.g. low spatiotemporal resolution), how deep nuclei in the mesolimbic system, such as

the substantia nigra (SN), may be involved in norm adaptation remains elusive.

Much of what we know about SN function has been established by animal work. For example, it
has been well documented that dopaminergic (DA) projections from the SN play a key role in reward
learning.’”-?" While direct study of the human SN and broader DA system is more challenging with standard
non-invasive techniques such as BOLD fMRI, recent studies have used invasive recording methods (i.e.
single-unit recording) to characterize a role for the SN in reinforcement learning.?>?® Note, the SN is
comprised of the SN pars compacta (SNc), which contains primarily DA neurons with fewer GABAergic
neurons, and the SN pars reticulata (SNr), which contains primarily GABAergic neurons with comparatively
fewer DA neurons.2+26 Given that DA and GABAergic neuronal populations are not perfectly separated
according to anatomical landmarks in the SN,?” human single-unit studies often isolate putative DA neuron
activity according to characteristic properties of DA waveforms recorded by microelectrodes without
specifying recording sites as SNr or SNc.?227 In doing so, such work has demonstrated that putative DA
neurons in the human SN (possibly SNr and/or SNc) exhibit increased firing rates after unexpected financial
gains than unexpected losses.?2 Conversely, phasic microstimulation of these cells inhibits learning.23
These findings are consistent with literature implicating the SN in reward learning2® and DA units in reward

prediction error encoding.?%-3
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84 In addition to this central role in reward learning, DA activity has also been shown to be important
85  for social behavior in human®® and rodent®®3¢ studies. Human pharmacological studies have
86  demonstrated that DA activity modulates altruism®® and egalitarian behavior.®* Rodent studies have
87  demonstrated that DA activity encodes information about unfamiliar conspecifics, akin to a social prediction
88  error.% Conversely, DA dysfunction causes behavioral inflexibility, increased reactivity, and aggression. 3¢
89  One recent study used fast-scan cyclic voltammetry in humans as they played an ultimatum game to directly
90 examine the role of DA in social behavior, specifically in the SNr.3? This study revealed that extracellular
91 dopamine concentrations in the SNr track differences between previous and current offers, with higher
92 overall dopamine concentrations observed when subjects play with human as opposed to computer
93 avatars.3? However, the role of individual SN neurons in human social behavior remains unknown. More
94  generally, it would be valuable to formally relate the body of work demonstrating a role for the DA system

95 in reward learning and the work demonstrating its role in social behavior at the single neuron level.

96 Here, we leverage computational modeling of behavior and human single-unit recordings to
97 determine the computational role of SNr neurons in social horm behavior. Participants undergoing deep
98  brain stimulation (DBS) device implantation surgery for Parkinson’s disease (PD) underwent single-unit
99  recording from the SNr or globus pallidus internus (GPi) while playing an iterated ultimatum game (UG), a
100 behavioral paradigm that has been previously used to probe response to fairness3-®® as well as norm
101 adaptation.' Overall, participants chose to accept or reject variable offers from human or computer
102 partners. As previously described, participants often rejected disadvantageous offers but were able to adapt
103 to counterpart offers (i.e. social norm) over time. Computational modeling of behavior revealed that
104 participants expected higher offers when playing with human versus computer partners, suggesting fairness
105 expectations depended on social partner identity. Importantly, the valence of nPEs, which signal the
106 direction of deviations between expected and received offers, was encoded in the activity of putative DA
107 SNr neurons, with greater encoding during gameplay with human versus computer avatars. An analogous
108  control experiment in the GPi found no significant effect of nPE valence on firing rates. These results
109 demonstrate that norm learning signals drive SNr activity during social interactions and provide a

110 neurocomputational characterization of this activity at the single neuron level.

111
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112 RESULTS
113 Experimental framework

114 We collected 27 single-unit recording sessions from the SNr in 19 participants with PD (16 men, 3
115 women, aged 65 + 1.93 years (mean + SEM), S1 Table) who underwent DBS implantation surgery in the
116 subthalamic nucleus (STN) (Figure 1A). During single-unit recordings, participants played an iterated
117 version of UG in which offers dynamically changed over time. On each trial, participants were presented
118  with a proposed split of $20 by a fictional “human” or “computer” partner, which they could accept or reject
119 (Figure 1B). If the participant accepted the offer, each party received the proposed split. If the participant
120 rejected the offer, neither party received a reward. Offers were pseudorandomized and normally distributed,
121 ranging from $1 to $9 with a mean offer size of $5. This game also included self-reported mood ratings after
122 arandom 33% of trials in each block. Before behavioral analyses, sessions with flat behavior were excluded
123 in order to protect data quality from inattentiveness, drowsiness, or poor comprehension. Flat sessions
124  were defined as those in which less than 2 offers were accepted or rejected in the entirety of a human or
125 computer block, and those in which a logistic fit of choices versus offer size had a non-positive slope. In the
126 SNr cohort, 3 human avatar blocks and 3 computer avatar sessions were excluded. For further information,

127 see Materials and Methods.
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129 Figure 1. Experimental framework. (A) Intraoperative targeting of the microelectrode in the substantia
130 nigra pars reticulata (SNr). Microelectrodes were positioned ventral to the clinical target, the subthalamic
131 nucleus (STN), for placement in the recording target, the SNr. The position of the microelectrode and
132 relative anatomical locations of the brain regions along its trajectory were identified in real time by surgical
133 mapping, visualization of neuronal spikes, and audition of neural firing with an Alpha Omega
134  electrophysiological recording system, such that each region could be identified by its unique signature of
135 neural activity. (B) Ultimatum game. Participants played one of two versions of the ultimatum game. In one
136 version, human avatar partners repeatedly present participants with proposed splits of $20, which the
137 participants accept or reject. If the participant accepts, each party receives the proposed split. If the
138 participant rejects, each party receives nothing. Each offer is presented by a new partner. All offers are less
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139  than $9. A second version of the ultimatum game includes not only a human block but also a block of trials
140  with “computer” partners, as well as a mood rating after a random 33% of choice trials. Brain slice and
141 computer icon created in BioRender. Neal, A. (2027) https://BioRender.com/bpwuijj1

142
143 Ultimatum game behavior

144 Previous work has found that healthy humans are more likely to reject unfair offers, 4373 especially
145  from human avatar partners.®” Therefore, we first sought to examine how our participants’ choices differed
146  as a function of the fairness of the offers and the decision context (human vs. computer condition) by
147 running a mixed-effects model, whereby binary choices (reject = 0, accept = 1) were predicted by offer size
148 (i.e. $1, 2, etc.), condition (human = 1, computer = 2), and the interaction between these terms, with random
149 effects for participant and for session within participant. Only the impact of offer size significantly impacted
150 choices (offer, ***p = 8.2e-31, B + SE =-0.85 + 0.071; OR = 0.43, 95% CI [0.37, 0.49]; condition, p = 0.15,
151 B+ SE=-0.93+0.65, OR =0.40, 95% CI [0.11, 1.41]; offer x condition, p=0.21, B+ SE=0.14 £ 0.12, OR
152 = 1.15, 95% CI [0.92, 1.45]), indicating that participants’ rejection rates decreased as a function of
153 increasing offer size across conditions (Figure 2A). A mixed-effects model predicting overall rejection rate
154 by condition with the same random effects demonstrated that overall rejection rate difference between
155 conditions was not significant ( condition, p = 0.46, g £ SEM =-0.14 £ 0.18; OR = 0.87, 95% CI1[0.61, 1.25])
156 (Figure 2B). Analogous mixed-effects models demonstrated that overall reaction times ( condition, p =
157 0.29, 8+ SEM =0.43 £ 0.41; OR = 1.53, 95% CI [0.69, 3.41]; S1A Figure) and mood ratings ( condition, p
158 =0.68,B+SEM=1.00 £ 2.41; OR = 2.72, 95% CI [0.023, 320.83]; S1B Figure) did not differ significantly
159 between conditions. However, a mixed-effects model predicting z-scored mood rating by the immediately
160  preceding choice, condition, and the interaction between these terms with participant and session random
161 effects demonstrated that z-scored mood ratings were higher after accepted trials than rejected trials in
162 both the human and computer conditions (choice, *p = 0.024, B8 + SEM = 0.50 + 0.22; OR = 1.64, 95% CI
163  [1.07, 2.53]; condition, p = 0.81, B + SEM = -0.049 + 0.20; OR = 0.95, 95% CI [0.64, 1.41]; condition x

164  choice, p =0.63, 8 £ SEM =0.15 £ 0.31; OR = 1.16, 95% CI [0.62, 2.17]) (Figure 2C).

165
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Figure 2. Ultimatum game behavior. (A) Rejection rate by offer size and (B) overall rejection rate in the
computer (blue) and human (orange) conditions. (C) Mood rating (z-scored) versus choice (accept/reject)
in the human and computer conditions. (D) Comparison of norm adaptation models by total Bayesian
information criterion (BIC) score for all sessions and participants. The model with the lowest total BIC score
has the best fit (green). (E) Internal norm by trial in the computer and human conditions. Internal norms
were calculated using the best performing norm adaptation model. (F) Norm prediction error (z-scored)
versus mood rating (z-scored) for all sessions and participants. Bars, points, and lines represent the mean.
Error bars represent standard error of the mean. **p < 0.01; ***p < 0.001 by two-tailed Wilcoxon rank sum
tests (C), general linear regression (E), and Pearson’s product-moment correlation test (F). n = 21 blocks
of gameplay with human avatars and 8 blocks of gameplay with the computer avatar for (A), (B), (D), and
(E). n = 6 blocks of gameplay with human avatars and 5 blocks of gameplay with the computer avatar for
(C) and (F).

Together, these results indicate that participants were averse to low offers and experienced
negative momentary mood states after rejecting offers. These findings suggest that despite having
Parkinson’s, and even without monetary incentive, our participants behaved in a way that was largely similar

to previous findings regarding the ultimatum game in healthy, younger adults.’#76.37.38

Modeling norm adaptation
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186 Next, we carried out computational modeling of behavior to characterize rejection behavior and the
187 computational dynamics underlying subjective norm updating. All modeling details are listed in Materials
188 and Methods. Briefly, similar to our previous work, we constructed the subjective utility U(t) at each trial as
189 the difference between the offer received and the individual’s sensitivity to norm violation.’® In the model,
190 f represents the individual’'s internal norm, and alpha (a € [0,1]) represents the participant’s sensitivity to
191 norm violation (i.e. perceived differences between the internal norm and the received offer), with higher a
192 values representing greater aversion to unfairness. Subjectivity utility U(t) is related to choice probability

193  through a softmax function.’

194 We compared three classes of models that varied in their assumptions about how internal norms
195  are updated: Rescorla-Wagner (RW) models’#3%40 in which norms are updated using temporal difference
196  learning; Bayesian (Bayes) models’®"#in which norms are updated following Bayes’ rule; and Fehr-Schmidt
197  (FS) models of inequity aversion’#®in which norms are not updated. Within each class, individual models
198 differed by their assumptions about the initial internal norm (f0), which could be fixed at $10 (fixed fO,
199 corresponding to an equal split) or a variable initial norm expectation that was individually fit to each
200 participant's behavior (variable f0). In other words, if one player begins the session with a fairness
201 expectation for an initial offer of $9 and another player begins with an expectation for an initial offer of $11,
202  then the variable fO model should capture each of those initial expectations during model fitting. So, in
203 models with a variable f0, fO was a free parameter. Additionally, we also considered models with variable
204  fOin which the sensitivity to unfairness a was fixed to be the group’s average a (fixed a); the group’s average
205 a was obtained by taking the average of estimates for a originally fit as a free parameter. Therefore, we
206 considered a total of 9 models (3 models x 3 initial internal norm/alpha specification). For variable fO models,
207 fO and a were both free parameters. For fixed fO models, a was a free parameter and fO was fixed. Finally,

208  for fixed a models, fO was a free parameter and a was fixed.

209 After fitting models to each participant's behavioral data, we compared fit quality by examining the
210 resulting minimum Bayesian information criterion (BIC) score at both the individual (S9 Table2 Dataset)
211 and group level (Figure 2D). The FS: fixed a model produced the best fit, followed by the RW: fixed alpha

212 model (Figure 2D).
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213 Additionally, in order to explore whether behavior might be driven by a classic RPE, we compared
214 all 9 models to a Q-learning approach, similar to previous work.'® A classic Q-learning algorithm learns an
215 optimal action-value function within an environment without any prior model of the dynamics of that
216  environment. It does so by updating estimates of the value of taking an action in a given state (i.e. Q-value)
217 based on the reward received and the estimated value of the next state. This method adjusts Q-values
218 incrementally as driven by RPEs. RPE-directed updates are made at a learning rate between 0 and 1 after
219 the reward is received and before the next offer is proposed. So, while an nPE describes how much higher
220  or lower an offer is above or below an individual's model-based norm for fairness, an RPE, on the other
221 hand, represents how much higher or lower an outcome was versus an expectation based on previous
222 events. We compared the fit quality of all 9 models to that of the Q-learning approach by minimum total BIC
223 score. (See S1 Dataset and S2 Table for all parameter estimates as well as distributions of the envy
224 parameter, respectively, for each participant and each model.) Model comparison revealed that the Q-
225 learning approach performed worse than all 9 models, with the FS: fixed a and RW: fixed a models again
226 producing the best fit (S2A Figure; see S2 Dataset for individual BIC scores). Furthermore, these results
227 are consistent both across and between human and computer conditions (S2B-C Figure). These results
228 suggest that behavior in our task is motivated not by classic Q-learning, but rather by static preferences
229 based on social variables, as in the FS: fixed a model, or by model-driven incorporation of social information

230 into norm expectations over time, as in the RW: fixed a model.

231 Next, to facilitate better judgment of the strength of evidence for each of the two best-fitting models,
232 we assessed ABIC, expected model frequency, and protected exceedance probabilities (S3 Table). These
233 analyses demonstrated that the FS: fixed a model had the lowest BIC with an expected model frequency
234  of 0.435 and a protected exceedance probability of 0.932. The RW: fixed a model had a ABIC of 13.707,
235 expected model frequency of 0.174, and protected exceedance probability of 0.043. So, while there is
236 greater evidence in support of the FS: fixed a model overall, there is also evidence of some heterogeneity
237 in best fit between the two candidate models, consistent with the fact that mean BIC scores were

238  comparable at 10.45 and 10.93 for the FS: fixed a and RW: fixed a models, respectively.

239 We then continued our assessment of these two models by exploring the degree to which each

240 model was identifiable via model recovery (S3 Figure; S4 Table). Model recovery analysis demonstrated a


https://doi.org/10.64898/2026.09.18.752742
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.09.18.752742; this version posted September 20, 2026. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It
is made available under a CC-BY 4.0 International license.

241 recovery probability of 45.47% for the RW: fixed alpha model and 37.62% for the FS: fixed alpha model,
242 indicating that while these models performed comparably well for best fit, the RW: fixed alpha model
243 demonstrated higher identifiability. Additional recovery at the class-level (FS models, RW models, Bayes
244 models, Q-learning), performed by averaging recovery probabilities across models within each class, further
245 confirmed that the behavioral predictions generated by these computational model classes are
246  distinguishable (S5 Table; S4 Figure). So, out of the two best-fitting models, the RW: fixed a model

247 demonstrated the best identifiability on model recovery.

248 We next examined whether the RW: fixed a model reproduces the choice patterns observed in our
249 study by conducting both parameter recovery and posterior predictive checks. True (Table 1) and
250 simulated parameter values were significantly correlated in this model (S5 Figure), indicating good
251  parameter recoverability. Moreover, the RW: fixed a model reproduced overall rejection rates in both the
252 human (mean + SEM: observed: 0.662 + 0.042; simulated: 0.652 + 0.045) and computer (observed: 0.542
253 + 0.050; simulated: 0.500 + 0.065) avatar conditions( S6A Figure). The RW: fixed a model also
254 recapitulated the negative impact of offer size on rejection rate (S6B Figure). Finally, to assess whether
255  the RW: fixed a model recapitulates behavior at the individual subject level, individual rejection rates for
256  observed versus simulated sessions were also compared, revealing a strong linear correlation (S6C Figure;

257 Pearson’s product-moment correlation, ***p = 4.55e-12, r = 0.914, 95% CI 0.823 - 0.959).

258 Together, the successful model recovery, parameter recovery, and ability of the RW: fixed a model
259  to reproduce the behavioral patterns observed in our study at both group and individual levels, providing
260 evidence that this model is suitable for interpreting the mental models driving behavior in our task.
261 Furthermore, these results indicate that temporal-difference learning with fixed unfairness sensitivity best

262 accounts for participants’ incorporation of new information into their norm expectations over time.

263 Table 1. Empirical parameter estimates.

Condition Temperature (n.s.) Initial norm (*) Norm adaptation rate (n.s.)
Human 4.31+1.43 14.96 + 0.86 0.02 £ 0.01
Computer 5.19+3.19 10.20 + 2.54 0.08 + 0.04

264 Parameter estimates for temperature, initial norm, and norm adaptation rate obtained by fitting the RW fixed
265 alpha norm adaptation model to each subject's Ultimatum Game (UG) behavior. Human and computer
266 blocks were fitted separately. Human and computer block parameter estimates were compared by one-
267 tailed Wilcoxon rank sum tests. Statistics listed are mean * standard error of the mean. *p < 0.05 and n.s.
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268 = not significant by one-tailed Wilcoxon rank sum tests. n = 21 blocks of gameplay with human avatars and
269 8 blocks of gameplay with the computer avatar.

270

271 Next, we examined the parameter values from the winning RW: fixed a model. We found that both
272 initial and session-wide internal norms (f) were higher in the human condition than in the computer condition
273 (Figure 2E; Table 1). Specifically, a general linear regression predicting internal norm by condition, trial,
274 and the interaction between these terms revealed a significant impact only for condition, whereby internal
275 norms are higher in the human condition (condition, ***p = 8.9e-05, B £+ SEM = 2.5 + 0.64; trial, p = 0.38, B
276  + SEM =-0.027 + 0.030; trial x condition, p = 0.79, B £ SEM = 0.0097 + 0.036). Despite the lack of overall
277 rejection difference between conditions, this model-based analysis suggests that participants had higher

278 expectations for offers from human versus computer avatars.

279 Because monetary PEs have been shown to impact momentary feelings,*' we also examined if this
280 might be the case for nPEs. We calculated nPEs by taking the differences between the current offer size
281 and the preceding internal norm. (For an example of nPE estimation based on choice behavior, see S7
282 Figure.) Positive/negative nPEs indicate offers that are above/below internal norms, respectively. We
283  observed a significant positive correlation between nPEs and the immediately subsequent mood ratings
284  (Pearson’s product-moment correlation, **p = 0.0012, r = 0.31, 95% CI 0.13 - 0.47) (Figure 2F). A mixed-
285  effects model predicting mood ratings by nPEs and condition with a random effect for session resulted in a
286 significant fixed effect only for nPE (nPE, **p = 0.0013, B £+ SEM = 0.31 + 0.09; condition, p = 0.96, B *
287 SEM =-0.0089 + 0.18; OR = 1.36, 95% CI [1.13, 1.63]). Additionally, to determine whether the nPE-mood
288 relationship persists after accounting for choice, we constructed a mixed effects model predicting z-scored
289 mood by z-scored nPE and choice with a random effect for session. The relationship between nPE and
290 mood remained significant after including choice as a fixed effect (nPE, *p = 0.035, 8 + SEM =0.24 + 0.11;
291 OR=1.27,95% CI [1.02, 1.59]), while choice did not exhibit a significant effect on mood (choice, p = 0.32,
292 B+ SEM =0.23 £ 0.22; OR = 1.25, 95% CI [0.81, 1.95]). So, while condition did not impact mood ratings,

293 nPE influenced mood such that negative nPEs decreased mood ratings, consistent with previous work.*

294
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295 Putative DA neurons in the SNr encode social prediction error valence

296 Our main goal was to examine the computational role of SNr neurons in norm adaptation.
297 Therefore, we next derived and analyzed single-unit spiking activity from SNr microelectrode recordings.
298  We identified 69 putative neuronal clusters from 27 SNr microelectrode recordings (mean + SEM clusters
299 per recording: 2.6 £ 0.11) using the OSORT offline sorting algorithm.*2 Clusters refer to groups of spikes
300 determined by the offline sorting algorithm to be originating from a single source (i.e. putative neuron). Of
301 those 69 clusters, we classified 40 units as putative DA neurons based on mean baseline firing rate (<15
302 Hz) and waveform morphology (duration >0.8 ms, biphasic) criteria established by previous work?” in human
303  single-unit recording from the SN (mean + SEM putative DA units per recording: 1.5 £ 0.18) (Figure 3A).
304 Patient-specific stereotactic coordinates for each recorded putative DA neuron are listed in S6 Table.
305 Waveform widths and average firing rates for all putative DA neurons are listed in S7 Table. Number of
306 putative DA neurons recorded per participant are listed in S8 Table. The waveforms for all 40 putative DA
307 units and the mean waveform for these units are depicted in Figure 3B. For each unit, we smoothed spike
308 trains into continuous firing rates and z-scored those firing rates to account for variability in firing rates
309 across units in population analyses (S8 Figure). We then examined z-scored firing rates of putative DA
310 units at a behaviorally relevant time point in the task, namely around split reveal (the point at which the

311  offers are presented).

312
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Figure 3. Putative DA unit activity encodes social prediction error valence. (A) Three example putative
units identified using an offline sorting algorithm and one putative DA unit (light purple) phenotyped by
average waveform width >0.8 ms, biphasic morphology, and firing rate <15 Hz. (B) Average waveform
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317  (black) for SNr putative DA units (grey). Mean raw firing rates of SNr putative DA units during the 1000 ms
318  after split reveal for trials producing positive (green, solid) versus negative (magenta, dashed) nPEs in the
319 (C) human and (D) computer conditions. Split reveal occurs at time 0 ms. Probability density functions of
320 mean firing rates of SNr putative DA units during the 1000 ms after split reveal for trials producing positive
321 (green) versus negative (magenta) norm prediction errors (nPEs) in the (E) human and (F) computer
322 conditions. B coefficients for the mixed-effects models predicting mean firing rate of SNr putative DA units
323 during the 1000 ms after split reveal in the (G) human and (H) computer conditions by nPE valence, nPE
324 magnitude, and the interaction terms for these regressors with a random effect for unit. Error bars represent
325  standard error of the mean. **p < 0.01 by mixed-effects model. n = 40 putative DA neurons total for (B). n
326 = 31 putative DA neurons in the human condition for (C), (E), and (G). n = 16 putative DA neurons in the
327 computer condition for (D), (F), and (H).

328

329 We hypothesized that the activity of putative DA neurons may encode certain attributes of nPEs,
330 in a similar way to their known role in representing non-social learning signals.?®-3'" To test this, we first
331 compared mean firing rates of putative DA units during the 1000 ms after split reveal for trials resulting in
332 positive versus negative nPEs (above and below the internal norm, respectively) in the human and
333 computer conditions. See absolute raw continuous firing rates (before z-scoring) in Figures 3C-D. See
334 probability density plots of the mean z-scored firing rates during the 1000 ms after split reveal in Figures
335  3E-F. We observed that, in the human condition, putative DA units transiently increased their spiking activity
336 in positive nPE trials higher than in negative nPE trials (Figure 3C; Figure 3E). This increase was
337 attenuated in the computer condition (Figure 3D; Figure 3F). To test the significance of the observed
338 impact of nPE valence on firing rate, and also to examine whether these units might also encode nPE
339 magnitude, we constructed a mixed-effects model predicting DA unit activity during the 1000 ms after split
340 reveal by nPE valence (1 = negative, 2 = positive), nPE magnitude, and the interactions between these
341  terms with a random effect for unit in each condition (Figure 3G-H; Table 2). The fixed effect for nPE
342  valence in the human condition was the only significant predictor of firing rate (nPE valence, **p = 0.008, B

343 + SEM = 0.19 + 7.3e-02, 95% CI [0.05, 0.34]; Figure 3G; see Table 2 for other estimates).

344 To formally test how the nPE valence effect differs across conditions, we constructed a mixed-
345  effects model in which fixed effects nPE magnitude, nPE valence, condition (human or computer) and their
346 respective interaction terms and a random effect for unit predicted group activity of SNr putative DA units
347 during the 1000 ms after split reveal for all SNr data pooled data together (S9 Table). This model revealed

348  that mean firing rates of SNr putative DA units were significantly predicted not only by nPE valence (nPE


https://doi.org/10.64898/2026.09.18.752742
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.09.18.752742; this version posted September 20, 2026. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It
is made available under a CC-BY 4.0 International license.

349  valence, **p =0.0057, B + SEM = 0.20 * 7.3e-02, 95% CI [0.06, 0.34]), but also by the interaction between
350 nPE valence and condition (nPE valence x condition, *p = 0.036, B + SEM =-0.22 + 0.11, 95% CI [-0.43, -
351 0.01]), such that the encoding of nPE valence by firing rate was significantly stronger in the human condition

352  than in the computer condition.

353 Finally, to account for the potential role of offer size in the observed neural response to nPE
354  valence, we constructed a linear mixed-effects model predicting SNr putative DA unit activity at split reveal
355 in the human condition by fixed effects offer size and nPE valence with a random effect for unit. This
356  analysis revealed that nPE valence remained a significant predictor of firing rate at split reveal even after
357 controlling for offer size (nPE valence, *p = 0.022, B + SEM = 0.12 + 5.1e-02, 95% CI [0.02, 0.21]), while
358  offer size was not a significant predictor (offer, p = 0.45, B £+ SEM = -3.6.e-03 + 4.7e-03, 95% CI [-0.01,
359 0.01]). We repeated this analysis, instead treating offer as a categorical variable. Again, nPE valence was
360 the only significant predictor of firing rate (nPE valence, *p = 0.030, B £ SEM = 0.11 £ 5.1e-02, 95% Cl
361 [0.01, 0.21]), with no significant effect of offer. These findings suggest that the observed firing activity of
362  these putative DA neurons is more consistent with encoding of whether an offer is better or worse than the

363 participant’s internal norm expectation than with offer magnitude alone.

364 Altogether, these findings indicate that putative SNr DA units encode nPE valence, with greater
365 encoding observed in the human condition, providing a unique neural mechanism by which SNr neurons

366 track social information.

367

368 Table 2. Summary of mixed-effects models predicting substantia nigra pars reticulata (SNr)
369 putative dopaminergic (DA) unit activity at split reveal.

Fixed effect Estimate Std. error t-value p-value
Human

Intercept -0.004703 0.027146 -0.173 0.86280
nPE magnitude -0.001546 0.003287 -0.470 0.63876
nPE valence ** 0.194946 0.073006 2.670 0.00771
nPE magnitude x nPE valence -0.073754 0.038881 -1.897 0.05815
Computer

Intercept -0.003115 0.031721 -0.098 0.922
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nPE magnitude -0.002899 0.004358 -0.665 0.508
nPE valence -0.020615 0.077226 -0.267 0.790
nPE magnitude x nPE valence 0.008925 0.023744 0.376 0.707

370  Summary of mixed-effects models in which fixed effects norm prediction error (nPE) magnitude, nPE
371 valence, and their respective interaction terms predicted group activity of SNr putative DA units during the
372 1000 ms after split reveal in the human or computer condition. **p < 0.01 by mixed-effects model. Std. Error
373 = standard error. n = 31 putative DA neurons in the human condition and 16 putative DA neurons in the
374 computer condition.

375

376 Putative neurons in the GPi do not encode social prediction error valence

377 It is possible that the nPE encoding effect observed in SNr putative single-unit activity reflects
378  widespread activation across basal ganglia (BG) nuclei. To examine the anatomical specificity of this effect,
379  we carried out a similar experiment in another cohort of neurosurgery participants who underwent DBS
380  surgery in a different BG nucleus, the GPi (5 men, n = 3 PD and n = 2 dystonia patients, aged 53 + 8.5
381  years; S9A Figure). From these 5 participants, we collected 5 sessions of UG with human block only and
382 2 sessions of UG with both human and computer blocks and mood ratings. In this group, rejection rate
383 decreased with increasing offer size with no significant differences between conditions (S9B Figure). A

*k%k

384 logistic regression model predicting binary choices by offer size found a significant effect (offer, ***p = 1.9e-
385 14, B £ SEM = 1.3 + 0.17), indicating a higher likelihood of accepting higher offers than lower offers. To
386 facilitate comparison with the SNr recording group, we estimated nPEs for these sessions using the winning

387 model from the SNr cohort, namely the RW variable initial norm model with fixed alpha.

388 We identified 19 putative units from 7 recording sessions (mean + SEM clusters per recording: 2.7
389  + 0.29). Waveform widths and average firing rates for all 19 putative GPi neurons are listed in S10 Table.
390 The waveforms for all 19 putative GPi units and the mean waveform for these units are depicted in S9C
391 Figure. We smoothed spike trains into continuous firing rates according to the protocol implemented in the
392 SNr unit analyses. We then related GPi putative unit activity during the 1000 ms after split reveal to nPE
393  valence, nPE magnitude, and their interaction by a mixed-effects regression identical to the regression used
394 to predict SNr putative DA unit activity at split reveal in the human condition. This model was not constructed
395 in the computer condition given that only two players completed UG with a computer block. Note also that

396 3 of 19 putative units were recorded during a behavioral session in which all offers were accepted; so,
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397 behavioral modeling was not performed on this session, resulting in 16 total putative GPi units for analysis
398 in relation to nPE valence, magnitude, and their interaction. This regression revealed no significant effects

399 for any of these variables or their interactions (Table 3).
400

401 Table 3. Summary of mixed-effects model predicting all globus pallidus internus (GPi) putative
402 neuron activity at split reveal.

Fixed effect Estimate Std. error t-value p-value
Human

Intercept 0.09446 0.04858 1.944 0.0545
nPE magnitude -0.01331 0.01224 -1.087 0.2775
nPE valence 0.17970 0.15304 1.174 0.2409
nPE magnitude x nPE valence -0.18235 0.09359 -1.948 0.0519

403  Summary of mixed-effects model in which fixed effects norm prediction error (nPE) magnitude, nPE
404  valence, and their respective interaction terms predicted group activity of all GPi units during the 1000 ms
405 after split reveal in the human condition. Std. Error = standard error. n = 16 putative neurons in the human
406  condition.

407

408 In order to facilitate a comparison between the results of the GPi neurons and those of the SNr
409 neurons that is less biased by waveform and firing rate differences between populations, 8 of these 16 GPI
410 putative units were selected for a repeat analysis in which firing rate and waveform length criteria were
411 matched to those of the putative DA SNr units. We again related GPi putative unit activity during the 1000
412 ms after split reveal to nPE valence, nPE magnitude, and their interaction terms by mixed-effects regression
413  in the human condition only. This regression revealed no significant effects for any of these variables or
414  their interactions (Table 4). (For visualization of mean firing rates at split reveal by nPE valence in the
415  human condition, see S6D Figure.) Lack of a statistically significant effect in this population could certainly
416 be related to the limited sample size of recorded units in this region. So, with this limitation in mind, our
417 results suggest that while our sample of putative DA neurons in the SNr demonstrate encoding of nPE
418  valence, this pattern was not observed with significance in our sample of putative units from the GPi, even

419  when matched by waveform and firing rate criteria.

420
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421  Table 4. Summary of mixed-effects model predicting waveform- and firing rate-matched globus
422 pallidus internus (GPi) putative neuron activity at split reveal.

Fixed effect Estimate Std. error t-value p-value
Human

Intercept 0.088536 0.080590 1.099 0.2771
nPE magnitude -0.004832 0.020630 -0.234 0.8150
nPE valence 0.478699 0.268627 1.782 0.0761
nPE magnitude x nPE valence -0.276125 0.164248 -1.681 0.0941

423  Summary of mixed-effects model in which fixed effects norm prediction error (nPE) magnitude, nPE
424  valence, and their respective interaction terms predicted group activity of GPi units (matched in waveform
425 and firing rate criteria to those of the SNr putative DA unit group) during the 1000 ms after split reveal in
426 the human condition. Std. Error = standard error. n = 8 putative neurons in the human condition.

427
428  Putative DA neurons in the SNr do not encode mood signals

429 Finally, given that PEs have previously been demonstrated to impact momentary mood, 64! we
430 examined whether the activity of putative DA SNr neurons also tracked subjective mood. We observed that
431 putative DA unit firing rates during the 1000 ms before mood ratings were not significantly correlated with
432  z-scored mood ratings (Pearson’s product-moment correlation, p = 0.16, r = -0.09, 95% CI -0.21 - 0.03)
433 (S10 Figure). A mixed-effects model predicting DA unit group activity during this period by mood rating with
434  arandom effect for unit revealed no significant effect for mood rating (mood rating, p = 0.16, B + SEM = -
435 0.027 £ 0.019), consistent with the results of the correlation test. These findings suggest that, while putative

436 DA SNr neurons respond to nPE valence, they do not encode mood ratings.
437

438

439  DISCUSSION

440 The current study examined how single neurons in the human SNr encoded social learning and
441 mood signals. Behaviorally, we found that participants frequently rejected non-zero offers, consistent with
442 previous work demonstrating that rejection behavior in UG is driven not by objective utility, but rather by
443 subjective utility, which reflects how valuable an offer is to a specific individual, given his or her norm
444 expectations and personal sensitivity to unfair inequality.'*'> These behaviors persisted even during

445 gameplay with computer avatar partners, indicating some degree of social thinking in less social contexts,
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446 as indicated by the outperformance of social norm models in explaining participant choices when compared
447 to non-social reward learning. Social norm modeling revealed that participants had greater expectations for
448  fairness from humans versus computers,3” and nPEs influenced their momentary mood.'%4! Neurally,
449  substantia nigra neurons tracked the valence of experienced nPEs, with greater encoding in the human
450  avatar condition; these neurons did not encode momentary mood. Collectively, these findings pinpoint a

451 key role of the substantia nigra in encoding social learning signals.

452 First, our results demonstrate the utility of computational modeling in revealing how similar
453  observed behaviors may arise from distinct underlying mental processes. Although rejection rates were
454 similar across human and computer avatar conditions, our model demonstrates that these choices were
455 informed by latent variables including initial norm expectations, sensitivity to unfairness, choice variability,
456  and norm adaptation. Specifically, higher initial and session-wide internal norms were observed during
457 gameplay with human versus computer avatar partners, indicating that expectations for fairness, which in
458  turn impact choice behavior, were indeed contingent on counterpart identity. As a result, this modeling
459 approach, strengthened by strong parameter recovery and posterior predictive checks, elucidates
460 meaningful latent processes influencing choice behavior that would not have been apparent based on raw

461 rejection rates, alone.

462 Moreover, our results highlight an important role of SNr neurons in encoding valence across the
463  domains of social and non-social learning. Previous work has identified roles for the SN in reward
464  processing and reinforcement learning,'”-2328 with DA activity implicated in prediction error encoding in
465  nonsocial contexts.?3' One such study conducted within neurosurgical patients demonstrated that a
466 population of SN putative dopaminergic neurons exhibits higher firing rates in response to unexpected gains
467  versus losses, without evidence of a statistically significant relationship between firing rate and magnitude,
468  similar to encoding of nPE valence in social contexts observed in our study.?? Additionally, midbrain DA
469 neurons in non-human primates have been observed to respond specifically to positive error signals in
470 nonsocial contexts.’® Our findings expand upon this work by providing evidence in awake humans that
471  these reward-associated single SNr neurons also show heightened activity in response to positive versus
472  negative nPEs during gameplay with human avatars, demonstrating that these putative DA units encode

473 prediction error valence specifically in the social domain. The observed encoding of valence in the spiking
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474 rate of putative DA SNr neurons is likely to primarily impact DA concentration in the striatum through
475 ascending axonal projections.*® This activity may also impact nigral activity through local dendritic release
476 of DA, consistent with recent previous work identifying heightened DA concentration in the SNr during
477 interactions with human versus computer avatars using human voltammetry.32 Further, while the putative
478  dopaminergic SNr neurons recorded in our study respond specifically to nPE valence, our findings do not

479  negate that other neurons may encode magnitude.

480 Consistent with previous work relating prediction errors to mood, 84! our findings demonstrate that,
481  while nPEs influence momentary mood states, and the valence of these nPEs is encoded in SNr neural
482 activity, changes in mood are likely reflected in neural activity elsewhere in the human brain.** Our findings
483 expand upon recent human studies relating SN structural and functional abnormalities to emotional
484  disturbances and symptoms,*>46 and intracranial signals to social valuation signals,*” by contributing
485  evidence from directly recorded single SNr neurons in awake humans during emotionally upsetting social
486 interactions. We thus contribute to the SN literature by outlining a role for these neurons in connecting

487 learning signals with mood in social contexts.

488 Notably, our analyses did not reveal significant neural tracking of nPE signals by the GPi, a
489 neighboring basal ganglia nucleus. This finding is consistent with work demonstrating very sparse

490 responses of single units to reward this region.*®.

491 Our findings should be interpreted with consideration of the following limitations. The study
492  participants are largely male and of advanced age, which is characteristic of those who are most likely to
493 undergo DBS surgery for PD.4° Our study therefore may not account for sex- or age- related differences in
494  social norm processing. These participants also all have PD, which is characterized by behavioral rigidity,5°
495 mental inflexibility,5' and reduced ability to switch cognitive strategies when those strategies are no longer
496  favorable.52 PD pathology additionally impacts our targeted brain regions, causing hyperactivity in SNr and
497  GPi neurons due to reduced dopaminergic input.’35% These patients participate in our study while off
498  dopaminergic medications, which facilitates examination of the role of surviving putative dopaminergic SN
499  neurons in social norm learning without the inference of medications that may alter learning and decision

500 making; however, the dopaminergic signaling in these patients occurs within an inherently dopamine
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501 depleted state, which means that the results of this study, while novel, may not be generalizable to the
502 dopaminergic circuitry of healthy individuals. To better ascertain how the behavioral and neural changes
503 induced by PD pathology may influence the results obtained from our study, it would be most suitable to
504  compare behavioral and neural data obtained from individuals with and without PD. While behavioral results
505 can be compared to those obtained from other participants of studies using UG, single-unit neural data is
506 not as readily available for comparison, given the highly invasive nature of these recordings. For similar
507 reasons, this study is limited in its sample size of participants. Additionally, in an effort to use all relevant
508 data available from this limited sample of participants, this study incorporates data collected from those
509 who played both the human and computer conditions of the task as well as from those who played only the
510 human condition, which creates imbalance in condition exposure. This study is also limited in its ability to
511  define precisely how recorded single neuron activity in the SN translates into dopamine levels in the
512 striatum; such a delineation could be made possible with single unit SN recording and simultaneous
513  voltammetric recording in the striatum.#3 Finally, this study does not demonstrate a causal role for these
514 neurons in social norm processing; future work using stimulation or other perturbation techniques could

515 address causality directly.

516 Taken together, our work suggests a neural basis for the human ability to recognize errors in social
517 prediction, supporting a role for the SN not only in classically studied reward learning but also in the learning

518 of normative social behaviors.

519
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521 MATERIALS AND METHODS
522 Ethics and participants

523 This study was approved by the Institutional Review Board at the Icahn School of Medicine at
524 Mount Sinai. No adverse events occurred as a result of this study. 24 neurosurgery patients (21 men, 3
525 women, mean age + SEM = 62 + 2.4 years; S1 Table) participated in this study. After consenting to deep
526 brain stimulation (DBS) surgery, patients deemed suitable for research participation by our lead
527 neurosurgeon were then given the option to learn about participation in this study. If interested in hearing
528 more, patients were given information about the study, its impact on the procedure, and any potential risks.
529 They were also given a brief introduction to the behavioral task, including instructions and two trial
530 examples. Patients were informed that they would not receive monetary compensation for their
531 participation. Rather, they were instructed to imagine splitting $20 iteratively with human or computer avatar
532 partners. All information was provided both verbally and in written form with ample time for questions and

533 clarifications before receiving written consent.

534

535  DBS surgery and single-unit recording

536 DBS device implantation occurred over three surgeries, including left hemisphere lead
537 implantation, right hemisphere lead implantation, and battery implantation. These surgeries were
538 approximately 2-4 weeks apart. Participants were given the opportunity to participate in research during
539 either or both lead implantation surgeries. At the time of surgery, participants were off their medications for

540 at least 9 hours, as mandated by standard clinical protocol.

541 At the point in DBS surgery when patients were woken up for clinical lead targeting and testing
542 (which typically occurred approximately 10 minutes after lead implantation), the clinical procedure was
543 paused briefly for single unit recording and task participation. Our lead neurosurgeon positioned the
544  tungsten microelectrode into the recording target using power-assisted microdrive and tractography. After
545 positioning the microelectrode within recording target regions as identified by their unique signatures of

546 neural firing, the neurosurgeon further manipulated electrode position until confirming the presence of
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547 stable spike activity. Neural data was recorded using an Alpha Omega electrophysiological recording
548 system. For patients who were undergoing DBS surgery in the subthalamic nucleus, single-unit recordings
549  were collected from the substantia nigra pars reticulata (SNr; Figure 1A). For patients undergoing DBS
550  surgery in the globus pallidus internus (GPi), single-unit recordings were also collected from the GPi (S9A
551 Figure). After recordings were collected, the clinical stimulator was repositioned to the clinical target region

552 for testing and final implantation.

553 The SNr cohort included 19 participants with Parkinson’s disease (16 men, 3 women, aged 65 *
554 1.93 years). The GPi cohort included 5 participants with Parkinson’s disease or dystonia (5 men, 0 women,
555 aged 53 + 8.5 years). During single-unit recording, participants played a behavioral task visualized on a
556 computer monitor positioned within eyesight. Participants submitted their answers with a game controller

557 box. In total, we collected 27 sessions from the SNr cohort and 7 sessions from the GPi cohort.
558
559 Ultimatum game

560 During each single-unit recording session, participants played an Ultimatum Game (UG), which is
561  used to assess social fairness norms373 and norm adaptation’# (Figure 1B). Participants played one of
562  two versions of UG: human-only (n = 15 sessions in 10 patients from the SNr cohort; n = 5 sessions in 3
563 patients from the GPi cohort) and full version with both human and computer conditions (n = 12 sessions

564  in 9 patients from the SNr cohort; n = 2 sessions in 2 patients from the GPi cohort).

565 In the human-only version, participants are repeatedly presented with proposed splits of $20 by
566 “‘human” avatar partners, which they could accept or reject. If a participant accepted, each party received
567 the proposed amounts. If a participant rejected, each party received $0. At the start of each trial, participants
568  were first presented with an avatar (1.5-2.5 s). Next, participants were presented with the proposed split of
569 $20 (“split reveal”; 1 sec). Choice buttons (accept/reject) then appeared below the proposed split, prompting
570 participants to make their selection (self-paced). After making their selection, the selected choice remained
571 highlighted for 1 second before the screen changed to reveal the resulting dollar amounts received by each
572 party (“split result”; 1.5 s). All offers were $9 or less, and offers were pseudo-randomized with a normal

573  distribution between $1 and $9. Choices did not impact future offers. Players were not privy to the offer
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574 structure in advance. At each ftrial, a new offer was proposed by a new human avatar. Human avatars
575 varied by name, gender, and physical features in efforts to portray racial and cultural diversity. Patients

576 completed 30 trials, which took approximately 5 minutes to complete.

577 In the full version with both human and computer conditions, participants played 30 trials of UG
578 with human avatar partners, as well as an additional block of 30 trials with “computer” partners. Block order
579 was counterbalanced such that 5 participants played the human block before the computer block, and 7
580 participants played the computer block before the human block. Additionally, participants completed a self-
581  reported mood rating (self-paced) after a random 33% of choice trials. To complete this mood rating,
582 participants selected their present mood on a scale from an unhappy face (coded as 0) to a happy face
583 (coded as 100). Two minor screen presentation details differed slightly from those in UG: split reveal
584  appeared simultaneously with choice buttons, and split result lasted for 1 s instead of 1.5 s. Altogether, this

585  version of UG took approximately 10 minutes to complete.

586

587 Exclusion criteria

588 To protect data quality from compromise due to inattention or drowsiness, all sessions in which
589 behavior indicated a failure to follow task instructions were excluded from behavioral analysis. These
590 included sessions with flat behavior, defined as sessions in which less than 2 offers are accepted or rejected
591 in the entirety of a human or computer block. This measure effectively excluded sessions in which
592 participants accepted all offers, which prevents the choice variability required for model-fitting. Excluded
593 sessions also included those in which logistic fits of binary choice versus offer size have non-positive
594  slopes, meaning that probability of accepting an offer does not increase with increasing offer size. If mood
595 ratings were flat, mood ratings were excluded from analysis, but choice behavior was still included.
596 Behavioral sessions with flat mood ratings are those in which minimum and maximum ratings do not differ
597 by at least 10. In the SNr cohort, 3 UG and 3 UG-bot sessions were excluded from behavioral analyses due
598 toflat choices. An additional 2 UG-bot sessions were excluded from mood rating analyses due to flat ratings.
599 In the GPi cohort, 1 UG session was excluded from behavioral analyses due to flat choices, and 1 UG-bot

600  session was excluded from mood rating analyses.
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601
602 Computational modeling of behavior

603 All data cleaning, behavioral analyses, and computational models were implemented in MATLAB
604  and RStudio. Model-free analyses included: overall rejection rate by block type (human/computer), rejection
605 rate vs. offer size, overall reaction time by block type, overall mood rating by block type, and mood rating

606  vs. choice (accept/reject).

607 Next, models previously implemented'*'> to model utility, decision probabilities, and norm
608  adaptation were fitted to choice data. First, we represented the utility of the exchange on each trial using
609  the Fehr-Schmidt (FS) equation for inequality aversion utility:'®

610

611 U;(s;) = s; — a - max{f; — s;, 0}

612

613 Here, the utility (U)) of an offer (s;) equals the difference between s; and the product of the difference
614 between the participant’s internal norm (f) and s; and the participant’s sensitivity to disadvantageous
615 inequality (a € [0,1], “alpha”). Alpha reflects the participant’s unwillingness to accept an offer below the
616 internal norm at that trial. Higher values of a represent greater aversion to unfairness. Sensitivity to

617 advantageous inequality (“guilt”) is unnecessary in this paradigm, since all offers are $9 or less.

618 We then modeled the probability of accepting each offer using a softmax function: 4
eBUi(s)

619 pi(sy) = 1T o0

620

621  This function considers the utility of each offer and an inverse temperature (8 € [0,1]) parameter, which

622  reflects the variability of the participant’s choices. Low values of 8 represent more variable choices.

623 In FS models, the norm is considered a static, non-changing metric.'3'®* To model internal norm
624 adaptation, we compared two classes norm adaptation models for best fit to this cohort’'s behavior:

625  Rescorla-Wagner (RW) models, which are derived from temporal difference learning,'43°40 and Bayesian
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626  observer (Bayes) models.'3'* Both classes of norm adaptation models assume that the internal norm

627 evolves over time; they differ, however, in their norm updating rule.

628 The RW models are a reinforcement learning based approach in which an agent learns to take
629  actions that maximize reward within an uncertain environment.'4.3940 |n the RW models, the norm is updated

630 as follows:

631 fi = fiea +&(si = fio1)

632

633 Here, the internal norm (f;) at trial / equals the norm at the previous trial (f.1) plus the product of norm
634  adaptation rate (¢ € [0,1]) and the difference between an offer (s;) and the internal norm at the previous
635 trial (f.1), or the nPE. ¢ reflects the magnitude of the influence of the offer (s;) on the evolving internal norm

636  (f).

637 The Bayesian models, on the other hand, are derived from a statistical approach that estimates a
638  probability distribution over model parameters based on observed data.’®'* We assume that each
639 participant models the offers as originating from a normal distribution characterized by unknown mean and
640  variance. The participant has an initial prior of the mean (u) and variance (62), and this prior is updated with
641  every new offer. Given p and o2, the offers (X) are defined as: X | y,02 ~ N (4,02). After receiving the first

642  offer (s;), and assuming the prior p(u,02), the posterior is defined as:'*
643 p(u,0?|s;) = p(silu, o*)p(u, a?)

644  The conjugate prior is defined as: '

645 p(u,0%) = Py(ula?)P,(0?),
646
0.2
647 p1(u|lo?) = NormalDensity (u ‘uo,k—>
0
o2
648 py = Inv — X? (—)
Vo

649 Next, after all subsequent offers, the posteriors are defined iteratively by:14
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650 ki+1 = ki + 1, Vit = Vi +1
1
651 Mivr = Hi+o— (50 — )
i+1
ki
652 Vig10fh = viof + P (si — w)*.

653  Finally, on trial i + 1 the updated internal norm is defined by:'
654 E{[X] = [xp(xlu, 0®)p1 (ulo?, wi, k)2 (02 |vy) = w.

655 Within each class of model, individual models differed by their assumptions about the initial internal
656  norm; models either assumed a fixed initial norm expectation equal to 10 (corresponding to an equal split
657  of $20; labeled “fixed f0”) or a variable initial norm expectation that was individually fit to each subject’s
658  behavior (labeled “variable f0”). The variable initial norm models also differed in whether alpha was
659 individually fit to each subject’'s behavior or fixed across the patient sample to the group’s mean alpha

660 (labeled “fixed alpha”).

661 All models were fitted to each subject’'s behavioral sessions (with human and computer blocks
662  treated separately) and compared for best fit as determined by minimum total Bayesian information criterion
663 (BIC) score across the group. Total BIC is the group-level sum of BIC scores for each subject for each

664 model. The FS: fixed alpha model won, followed by the RW: fixed alpha model (Figure 2D).

665 Next, to assess whether behavior is driven by a classic RPE, we compared all 9 models to a Q-
666 learning approach.'® A Q-learning algorithm learns an optimal action-value function within an environment
667 without any prior model of the dynamics of that environment. It does so by updating Q-values, which are
668 estimates of the value of taking an action in a given state based on received reward and the estimated
669 value of the next state. This method adjusts Q-values incrementally as driven by RPEs. RPE-directed
670 updates are made at a learning rate between 0 and 1 after the reward is received and before the next offer

671 is proposed. The initial Q-values are as follows:

s S
672 Q(s;, accept) = Tln, Q(s;, reject) = ——

1 1—n
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673  These Q-values give the initial value of a state-action pair in which an offer s;is accepted or rejected. Eta
674 (n) represents the temporal discounting factor, which determines how much future rewards influence the

675  current value; here, nis 0.8.16

676 Next, for trial i > 1, based on the previous choice (i.e. accept or reject) at trial i-1, the Q-learning

677  update rule if an offer is accepted is the following: 16

678 Q(si_1, accept) = Q(s;_q, accept) + a(U;(s;) +n - maxQ (s;,a) — Q(s;_1, accept) )

679 Here, alpha (a) is the learning rate which determines how much the prediction error updates the old Q-
680  value. ais between 0 and 1; O reflects no update (i.e. no learning), while 1 reflects a complete update (i.e.

681  fast learning).

682 Alternatively, the Q-learning update rule if an offer is rejected is the following:'®
683 Q(si_1, reject) = Q(sj_q, reject) + a(0+n - maxQ (s;,a) — Q(s;_q, reject))
684 The value difference is:®
685 V; = Q(s;, accept) — Q(s;, reject)
686 Finally, the probability of accepting and offer is then modeled by:6
eBVi
687 pi(sy) = T3 ofvi

688  So, while an nPE describes how much higher or lower an offer is above or below an individual's model-
689 based norm for fairness, an RPE, on the other hand, represents how much higher or lower an outcome was

690 versus an expectation based on previous events.

691 We compared the BIC scores of all 9 models to the BIC score of the Q-learning approach and found
692  that the FS: fixed a model again produced the best fit, followed by the RW: fixed a model, with the Q-

693 learning approach performing worse than all 9 other models (S2A Figure). These results were consistent
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694  across both across and between human and computer conditions (S2B-C Figure), suggesting that behavior
695 in our task is motivated not by classic Q-learning, but rather by statis social preferences as in the FS: fixed
696 a model, or by model-driven incorporation of new information into norm expectations over time as driven

697 by nPEs, as in the RW: fixed a model.

698

699 Next, to facilitate better judgment of the strength of evidence for each of the two best-fitting models,
700  we assessed ABIC, expected model frequency, and protected exceedance probabilities (S3 Table). These
701  analyses demonstrated that the FS: fixed a model had the lowest BIC with an expected model frequency
702  of 0.435 and a protected exceedance probability of 0.932. The RW: fixed a model had a ABIC of 13.707,
703 expected model frequency of 0.174, and protected exceedance probability of 0.043. This means that 43.5%
704  of the population is expected to be best represented by the FS: fixed alpha model, while 17.4% of the
705 population is expected to be best represented by the RW: fixed alpha population. So, while there is greater
706  evidence in support of the FS: fixed a model overall, there is also evidence of some heterogeneity in best
707 fit between the two candidate models, consistent with the fact that mean BIC scores were comparable at

708 10.45 and 10.93 for the FS: fixed a and RW: fixed a models, respectively.

709 We then continued our assessment of these two models by exploring the degree to which each
710 model was identifiable via model recovery (S3 Figure; S4 Table). First, we computed the empirical mean
711 and standard deviation for each parameter of each of the 10 models, constructed normal distributions
712 centered on those estimates for each parameter within each model, and drew new parameter values from
713 those distributions, via the same parameter sampling procedure used in our parameter recovery. For each
714  generating model, we simulated behavioral datasets for 29 synthetic subjects using these sampled
715 parameters, corresponding with the 29 empirical behavioral datasets that underwent model fitting in our
716 study. We then refit all 10 models to these simulated datasets. This process was repeated for 200
717 independent repetitions, with newly sampled parameter values and simulated datasets generated for all 29
718  synthetic subjects in each repetition. Afterward, we constructed both a 10x10 recovery matrix and a 4x4
719 class-level recovery matrix (RW models, Bayes models, FS models, and the Q-learning model) to further

720  address the question of whether these model classes represent distinguishable computational processes.


https://doi.org/10.64898/2026.09.18.752742
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.09.18.752742; this version posted September 20, 2026. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It
is made available under a CC-BY 4.0 International license.

721 At the individual model level, the highest recovery probabilities were demonstrated by the Q-
722 learning (50.79%), Bayes: fixed alpha (45.88%), FS: fixed fO (45.83%), and RW: fixed alpha (45.47%)
723 models (see new S4 Table and S3 Figure added to the manuscript and copied below). The FS: fixed alpha
724 model demonstrated weaker recovery, with a recovery probability of 37.62%. Finally, the RW: variable fO0,
725  RW: fixed fO, Bayes: variable fO, Bayes: fixed fO, and FS: variable fO were essentially unrecoverable
726 (recovery probabilities 1.28%, 9.72%, 0.41%, 9.33%, and 0.71%, respectively). These results demonstrate
727 that the variable fO models tend to be less identifiable, while the fixed a models tend to be more identifiable.
728 Further examination of the recovery matrix revealed that confusion most often occurred between related

729 models within the same model class.

730 To evaluate whether models were more distinguishable at the class level, we constructed a class-
731 level recovery matrix by averaging the recovery probabilities across models within each class. At the class
732 level, recovery probabilities for RW models, Bayes models, FS models, and the Q-learning model were
733 40.57%, 47.67%, 81.82%, and 50.79%, respectively (see new S5 Table and S4 Figure added to the
734 manuscript and copied below). Most confusion occurred between the RW and Bayes families, consistent
735 with the fact that both classes implement model-based norm-adaptation mechanisms. Overall, these
736  analyses demonstrate that, while related individual models are sometimes confused with one another within
737 shared model classes, these higher-level model classes are more reliably recovered, indicating that the
738 behavioral predictions generated by these computational model classes are fairly distinguishable.
739  Moreover, out of the two best-fitting models, the RW: fixed a model demonstrated the best identifiability on

740 model recovery.
741
742 Parameter recovery

743 Next, to test for recoverability of the parameters generated by the RW: fixed a model, 29 behavioral
744 sessions were artificially simulated based on normal distributions of the parameter estimates obtained from
745 the 29 empirical behavioral sessions. The simulated behavior was then subjected to the same modeling
746 process as the original empirical behavior. Resulting model parameters obtained from the simulated fits

747  were then compared by correlation to the original empirical parameter estimates. Higher Pearson
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748  correlation coefficients indicated better parameter recoverability. All model parameters were significantly
749 recovered (S5 Figure; temperature: r = 0.51, **p = 0.0049; norm adaptation rate: r = 0.86, ***p = 1.8e-09;
750 initial norm: r = 0.94, ***p = 6.9e-14). We therefore concluded that this norm adaptation model can be

751 applied with adequate replicability.

752

753 Posterior predictive checks

754 We next examined whether the RW: fixed a model reproduced the choice patterns observed in our
755 study. To do so, we simulated 29 behavioral datasets given the parameter estimates obtained from
756 empirical model fitting with the RW: fixed a model, using the exact offer vectors presented in each session.
757 The RW: fixed a model reproduced overall rejection rates in both the human (mean + SEM: observed: 0.662
758  +0.042; simulated: 0.652 £+ 0.045) and computer (observed: 0.542 + 0.050; simulated: 0.500 £ 0.065) avatar
759 conditions( S6A Figure). The RW: fixed a model also recapitulated the negative impact of offer size on
760 rejection rate (S6B Figure). Finally, to assess whether the RW: fixed a model recapitulates behavior at the

761 individual subject level, individual rejection rates for observed versus simulated sessions were also

*kk

762 compared, revealing a strong linear correlation (S6C Figure; Pearson’s product-moment correlation, ***p
763  =4.55e-12,r=0.914, 95% CIl 0.823 - 0.959).

764

765 Comparison of parameters by condition

766 For the RW: fixed alpha model, parameter estimates for inverse temperature, norm adaptation rate,

767 and initial norm were compared by mixed-effects models predicting each parameter by condition (human
768 or computer avatar) with random effects for participant and for session within participant (Table 1). A mixed-
769 effects model predicting temperature by condition with random effects for participant and for session within
770 participant found no significant effect of condition (condition, p = 0.34, B £+ SEM = 0.80 + 0.83; OR = 2.24,
771 95% CI[0.41, 12.17]). A mixed-effects model predicting initial internal norm by condition with random effects
772  for participant and for session within participant found a significant effect for condition such that initial norms
773 were higher during gameplay with human versus computer avatar partners (condition, *p = 0.025, g + SEM

774 = -4.76 + 2.00; OR = 0.0085, 95% CI [0.00014, 0.52]). Finally, a mixed-effects model predicting norm
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775 adaptation rate by condition with random effects for participant and for session within participant found no
776  significant effect of condition (condition, p = 0.083, B £+ SEM = 0.053 + 0.030; OR = 1.05, 95% CI [0.99,
777 1.12]). So, while temperature and norm adaptation rate did not differ by condition, initial norms did indeed

778  differ by condition, such that norms for fairness were higher during gameplay with human avatar partners.
779
780  Analysis of single-unit electrophysiological data

781 Neural data was digitized at 44,000 Hz and filtered at 300-9000 Hz to select only high frequency
782  activity. We identified clusters from filtered single-unit recordings in MATLAB using the OSORT offline spike
783 sorting algorithm developed by Rutishauser, et al.#2 Spikes were detected only when the neural signal
784 exceeded the threshold of the standard deviation of the average signal amplitude multiplied by five. As each
785 new spike was detected, that spike was compared by multidimensional distance to clusters of similar,
786  previously detected spikes. If the distance was smaller than the clustering threshold (the average standard
787 deviation squared of the filtered signal along a sliding window multiplied by the number of data points in a
788  waveform) then it was added to that cluster; if the distance was larger than the clustering threshold, then it

789  was categorized as a new cluster.

790 We then manually examined each cluster returned by the sorting algorithm, eliminating artifacts
791 and merging clusters that were falsely split. A cluster was considered an artifact if >5% of all spikes
792  originating from that cluster had an interspike interval (ISI) of less than 3 ms, corresponding to the length
793  ofthe refractory period.*2False splits were identified by examining the projection tests generated by OSORT
794 for each cluster. These projection tests provide visualizations of the multidimensional distance between

795 each possible pair of clusters.

796 We categorized clusters characterized by an ISI <5% as putative single units.*> We generated
797 raster plots and peristimulus time histograms for each putative unit at split reveal, the point in UG at which
798 the offer is presented. We then smoothed spike trains for putative units into continuous waveforms using a
799  sliding, symmetric Gaussian kernel (width = 300 ms) centered at each time point (see S8 Figure for one
800  example unit). Smoothing was zero-phase and did not introduce temporal shifts in the timing of neural

801 responses. We computed average firing rate for each putative unit and characterized average waveforms
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802 by number of peaks, waveform width, polarity, and distance between peaks and troughs. In the SNr, we
803 identified 69 putative neuronal clusters from 27 SNr microelectrode recordings (mean + SEM clusters per
804 recording: 2.6 £ 0.11). We labeled units with firing rates less than or equal to 15 Hz and waveform widths
805  greater than 0.8 ms with biphasic shape as putative dopaminergic (DA) units.?’ If a unit’s bipolar waveform
806  had a negative deflection followed by a positive deflection (rather than the reverse polarity), then this unit
807  was considered a putative DA unit likely reversed in orientation relative to the position of the electrode. In
808 total, 40 of 69 putative units were labeled as putative DA units (mean + SEM putative DA units per recording:
809 1.5+ 0.18) (Figure 3A). The waveforms for all 40 putative DA units and the mean waveform for these units
810  are depicted in Figure 3B. Strictly for visualization purposes in Figure 3B, waveforms for putative DA units
811  with reversed polarity were reflected over the x-axis (i.e. microvolts multiplied by —1 at each time point) to
812  correct for flipped orientation relative to the electrode tip. Continuous firing rates for each unit were z-scored
813 across the entire recording for each unit, using the mean and standard deviation of the unit’s activity across
814  the full session. These z-scored continuous firing rates were then extracted around events of interest (i.e.

815 split reveal, mood rating, etc) for subsequent population-based analyses.

816 To test whether the activity of these putative DA neurons might encode properties of nPEs, we first
817 compared the firing rates of these units during the 1000 ms after split reveal during trials in which nPEs
818  were positive versus those in which they were negative. Group-level putative DA unit activity appeared to
819 be higher during positive nPE trials versus negative nPE trials in the human condition (for probability density
820 functions see Figure 3E); this pattern was attenuated in the computer condition (for probability density
821  functions see Figure 3F). To test the statistical significance of this observation, and to also test whether
822  these units encode nPE magnitude, we implemented a mixed-effects model to predict the activity of these
823 units during the 1000 ms after split reveal by nPE valence (1 = negative, 2 = positive), magnitude, and their
824  interactions with a random effect for unit in each condition. Valence was treated as a factor. All mixed-
825 effects models were implemented using the “Ime4” and “ImerTest” packages in RStudio. The mixed-model
826  for the human condition resulted in a significant effect for valence (nPE valence, **p = 0.008, B + SEM =
827 0.19 = 7.3e-02, 95% CI [0.05, 0.34]; Figure 3G; see Table 2 for other estimates). Valence was not a
828  significant predictor of firing rate in the computer condition (PE valence, p =0.79, 8 + SEM =-0.02 + 7.7e-

829 02, 95% CI [-0.17, 0.13]; Figure 3H; see Table 2 for other estimates).


https://doi.org/10.64898/2026.09.18.752742
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.09.18.752742; this version posted September 20, 2026. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It
is made available under a CC-BY 4.0 International license.

830 To formally test how the nPE valence effect differs across conditions, we constructed a mixed-
831 effects model in which fixed effects nPE magnitude, nPE valence, condition (human or computer) and their
832 respective interaction terms and a random effect for unit predicted group activity of SNr putative DA units
833  during the 1000 ms after split reveal for all SNr data pooled data together (S9 Table). This model revealed
834  that mean firing rates of SNr putative DA units were significantly predicted not only by nPE valence (nPE
835 valence, **p = 0.0057, B + SEM = 0.20 + 7.3e-02, 95% CI [0.06, 0.34]), but also by the interaction between
836 nPE valence and condition (nPE valence x condition, *p = 0.036, B £ SEM =-0.22 + 0.11, 95% CI [-0.43, -
837 0.01]), such that the encoding of nPE valence by firing rate was significantly stronger in the human condition
838 than in the computer condition. Together, these results demonstrate that putative SNr DA units may be

839 sensitive to nPE valence, especially in more social contexts.

840 To account for the potential role of offer size in the observed neural response to nPE valence, we
841 constructed a linear mixed-effects model predicting SNr putative DA unit activity at split reveal in the human
842 condition by fixed effects offer size and nPE valence with a random effect for unit. This analysis revealed
843  that nPE valence remained a significant predictor of firing rate at split reveal even after controlling for offer
844  size (nPE valence, *p = 0.022, B £ SEM = 0.12 + 5.1e-02, 95% CI [0.02, 0.21]), while offer size was not a
845 significant predictor (offer, p = 0.45, B + SEM = -3.6.e-03 £ 4.7e-03, 95% CI1[-0.01, 0.01]). We repeated this
846 analysis, instead treating offer as a categorical variable. Again, nPE valence was the only significant
847 predictor of firing rate (nPE valence, *p = 0.030, B + SEM = 0.11 + 5.1e-02, 95% CI [0.01, 0.21]), with no
848  significant effect of offer. These findings suggest that the observed firing activity of these putative DA
849 neurons is more consistent with encoding of whether an offer is better or worse than the participant’s internal

850 norm expectation than with offer magnitude alone.

851 Finally, we examined how the activity of these putative DA units relates to momentary mood ratings.
852 We first implemented a Pearson’s product-moment correlation test between z-scored mood ratings and
853 putative DA unit firing rates during the 1000 ms before mood rating selection, finding that firing rates and
854  z-scored mood ratings were not significantly correlated (p = 0.16, r = -0.09, 95% CI -0.21 - 0.03) (S10
855 Figure). We next implemented a mixed-effects model to predict putative DA unit group activity during this

856  epoch by z-scored mood rating with a random effect for unit, which confirmed no significant impact of mood
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857  rating on neural activity (mood rating, p = 0.16, B £ SEM =-0.027 + 0.019). These results suggest that the

858 activity of these putative DA units responds uniquely to the valence of nPEs but not to mood ratings.

859

860 RESOURCE AVAILABILITY
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862 Requests for further information and resources should be directed to and will be fulfilled by the lead
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864  Materials availability
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866 Data and code availability
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868 publicly available as of the date of publication at

869 https://doi.org/10.6084/m9.figshare.29082671.v2.

870 o All original code has been deposited at figshare and is publicly available at
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1068  SUPPORTING INFORMATION

1069 S1 Table. Participant demographics. 19 participants who have Parkinson’s disease (PD)
1070  underwent single-unit recording in the substantia nigra pars reticulata (SNr). 3 participants who
1071 have PD and 2 participants who have Dystonia underwent single-unit recording in the globus
1072 pallidus internus (GPi). M = male; F = female; W = White; H = Hispanic.

1073  $1 Figure. Ultimatum game behavior. (A) Overall reaction times in the computer (blue) and
1074  human (orange) conditions. n = 21 blocks of gameplay with human avatars and 8 blocks of
1075 gameplay with the computer avatar. (B) Overall mood ratings in the computer (blue) and human
1076  (orange) conditions. n = 7 blocks of gameplay with human avatars and 6 blocks of gameplay with
1077  the computer avatar. Bars represent mean, and error bars represent standard error of the mean.

1078 S1 Dataset. Parameter estimates. Parameter estimates for all 10 candidate models applied to
1079  all behavioral session.

1080 S2 Dataset. Norm adaptation model comparison results for individual participants.
1081 Bayesian information criterion (BIC) scores for each norm adaptation model for individual
1082  participants. Minimum BIC scores for each individual participant in each condition (human or
1083  computer) are in bold.

1084  S2 Figure. Comparison of models to Q learning. Comparison of norm adaptation models to Q
1085 learning by total Bayesian information criterion (BIC) score for (A) all sessions, (B) human blocks
1086  only, and (C) computer blocks only. The model with the lowest total BIC score has the best fit
1087  (green). n = 29 sessions for (A), 21 sessions for (B), and 8 sessions for (C).

1088 S2 Table. Distributions of envy (a). Distributions of empirical estimates for envy fit by each
1089  model in which envy is a free parameter. n = 29 behavioral datasets.

1090 S3 Table. Model frequencies and protected exceedance probabilities. ABIC represents
1091  difference in total BIC relative to the lowest-scoring model. Expected model frequency represents
1092 the posterior estimate of the proportion of participants best characterized by each model.
1093  Protected exceedance probability represents the probability that a model is more frequent than
1094  other candidate models, corrected for the possibility that differences in model frequencies arose
1095 by chance (Bayesian omnibus risk = 0.023) and performed at the participant level. n = 29
1096  behavioral datasets.

1097  S4 Table. Individual model recovery probabilities. Model recovery probabilities for all 10 norm
1098 adaptation models. 29 synthetic behavioral datasets were simulated using parameters sampled
1099 from normal distributions based on the empirical mean and standard deviation for each parameter
1100  of each model fit to the 29 empirical behavioral datasets in our study. All 10 models were then
1101  refit to these simulated datasets. This process was repeated for 200 independent repetitions, with
1102  newly sampled parameter values and simulated datasets generated for all 29 synthetic subjects
1103  in each repetition. n = 29 simulated sessions repeated for 200 independent repetitions.

1104  S3 Figure. Individual model recovery matrix. Model recovery matrix for all 10 norm adaptation
1105 models. n = 29 simulated sessions repeated for 200 independent repetitions.
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1106 S5 Table. Class-level model recovery probabilities. Class-level recovery probabilities
1107 generated by averaging recovery probabilities across models within each class (RW models,
1108 Bayes models, FS models, and the Q-learning model). n = 29 simulated sessions repeated for
1109 200 independent repetitions.

1110  S4 Figure. Class-level model recovery matrix. Class-level recovery matrix for the four model
1111 classes (RW models, Bayes models, FS models, and the Q-learning model). n = 29 simulated
1112  sessions repeated for 200 independent repetitions.

1113 S5 Figure. Parameter recovery. Parameter recovery for (A) temperature, (B) initial norm, and
1114  (C) norm adaptation rate based on true (empirical) parameter estimates obtained by fitting models
1115 to 29 behavioral sessions and estimated (simulated) parameter estimates obtained by fitting
1116  models to 29 simulated behavioral sessions. Human and computer blocks were fitted separately.
1117  Behavior was fit with the RW norm adaptation model with variable initial norm and fixed alpha.
1118 **p <0.01 and ***p < 0.001 by Pearson’s product-moment correlation tests. n = 29 true (empirical)
1119  estimates and 29 estimated (simulated) estimates.

1120  S6 Figure. Posterior predictive checks. Empirical vs. simulated behavior generated by the RW:
1121 fixed alpha model, including group-level (A) overall rejection rate by condition and (B) rejection
1122  rate by offer size in each condition. (C) Participant-level rejection rates for observed versus
1123  simulated sessions in the human and computer conditions. Human = orange, computer = blue. n
1124 = 29 empirical behavioral datasests and 29 simulated behavioral datasets.

1125  S7 Figure. Norm adaptation modeling for one example participant. (A) Trial-by-trial choices,
1126  (B) internal norm estimates, and (C) norm prediction error (nPE) estimates for one example
1127  participant. Behavior was fit with the RW norm adaptation model with variable initial norm and
1128 fixed alpha.

1129 S6 Table. Patient-specific stereotactic coordinates of the microelectrode recordings
1130 collected for SNr putative DA neurons. Patient-specific Leksell coordinates in X, Y, and Z space
1131  for each microelectrode recording of putative DA neuron activity in the SNr. Coordinates are in an
1132  AC-PC oriented space registered to the Schaltenbrand-Wahren atlas and each participant’'s MRI
1133  and CT scans.

1134  S7 Table. Waveforms widths and average firing rates of SNr putative DA neurons.
1135  Waveform width (ms) and average firing rate (Hz) for each putative DA neuron recorded in the
1136 SN.

1137 S8 Table. Summary of number of SNr putative DA neurons and task conditions played per
1138 recording session. Summary of number of SNr putative DA neurons recorded and task
1139  conditions (human avatar or computer) played per participant per recording session. This
1140 summmary includes all recording sessions collected, including those later excluded from
1141  behavioral or neural analyses according to inclusion criteria.
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1142 S8 Figure. Activity of one example SNr putative DA unit at split reveal. (A) Raster, (B)
1143  peristimulus time histogram, and (C) smoothed continuous firing rate for one example putative
1144 DA unit at split reveal in the human condition. Split reveal occurs at time = 0 ms.

1145 89 Table. Summary of mixed-effects model predicting SNr putative DA unit activity at split
1146  reveal. Summary of mixed-effects model in which fixed effects nPE magnitude, nPE valence,
1147  condition (human avatar or computer) and their respective interaction terms with a random effect
1148  for unit predicted group activity of SNr putative DA units during the 1000 ms after split reveal. **p
1149 < 0.01 and *p < 0.05 by mixed-effects model. Std. Error = standard error. n = 31 putative DA
1150  neurons.

1151  S9 Figure. Ultimatum game behavior and putative GPi neuron activity. (A) Intraoperative
1152  targeting of the microelectrode in the GPi. (B) Rejection rate by offer size in the computer (blue)
1153 and human (orange) conditions for participants who played UG while undergoing single-unit
1154  recording in the GPi. (C) Average waveform for all GPi putative units (black) and average
1155  waveforms for individual GPi putative units (grey). (D) Probability density function of mean firing
1156  rates of GPi putative units during the 1000 ms after split reveal for trials producing positive (green)
1157  versus negative (magenta) nPEs in the human condition. Bars and lines represent the mean.
1158  Error bars represent standard error of the mean. Panel A created with BioRender.com. n = 6
1159  blocks of gameplay with human avatars and 2 blocks of gameplay with the computer avatar for
1160  (B). n =19 putative neurons for (C). n = 16 putative neurons in the human condition for (D). Brain
1161  slice created in BioRender. Neal, A. (2027) https://BioRender.com/8bs2hqw.

1162  S$10 Table. Waveform widths and average firing rates of all GPi putative neurons. Waveform
1163  width (ms) and average firing rate (Hz) for all putative neurons recorded in the GPi.

1164  $10 Figure. SNr putative DA unit activity before mood rating selection. Mean firing rate of
1165 SN putative DA units during the 1000 ms before mood rating selection versus z-scored mood
1166  rating across both human and computer conditions. n = 12 putative DA neurons.
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