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SUMMARY

Dopamine (DA) signals from substantia nigra (SN) neurons encode reward prediction errors (RPEs) and have
been implicated in motor control, reward processing, and motivational vigor. However, how recent reward
history, related to reward expectations, is represented within the dopaminergic system remains poorly un-
derstood, particularly in humans, due to the difficulty of recording DA neuron activity directly. To address
this, we performed single-unit recordings from the SN of patients with Parkinson’s disease undergoing
neurosurgery while they played a two-armed bandit decision-making task. We found that the firing rates
(FRs) of putative DA neurons during reward expectation were modulated by previous trial outcomes, with
higher FRs following positive outcomes. This increase in FRs was associated with faster subsequent reaction
times (RTs), suggesting a link between neural signals reflecting prior reward and behavioral response vigor.
These results provide a potential physiological substrate for how reward history influences behavior through

the modulation of human dopaminergic activity.

INTRODUCTION

The dopaminergic system is crucial for reward-based learning,
motivational vigor, and other aspects of goal-directed behavior.
The activity of individual dopamine (DA) neurons in the ventral
tegmental area (VTA) and substantia nigra (SN) encodes reward
prediction errors (RPEs).“2 RPEs reflect the difference between
actual and expected reward and constitute an efficient and
robust signal underlying behavioral adaptation in uncertain envi-
ronments. Abundant evidence across species'>~'2 supports the
notion that dopaminergic activity, including the spiking rates of
individual DA neurons, reflects RPEs. However, how reward ex-
pectations themselves—the essential baseline against which
RPEs are computed —are represented within the dopaminergic
system remains less well understood.

Studies in animal models have found electrophysiological cor-
relates of reward expectation in various brain regions, including
the caudate nucleus,'® striatum,® orbitofrontal cortex (OFC),™
and globus pallidus externus (GPe)'®; DA neurons in the rodent
VTA then combine information about reward outcomes and ex-
pectations into a largely homogeneous RPE signal which is broad-
cast to downstream targets.'*'® Conversely, DA neuron activity
during the expectation period correlates with the expected value
of the upcoming action.'”'® Competing models of dopaminergic
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signaling make different predictions regarding the locus of this
integration. If reward outcomes and expectations are combined
upstream, DA neurons would primarily reflect RPEs; if integration
occurs within DA neurons themselves, both expectation- and
outcome-related signals could be separable in DA activity.

This knowledge gap of how DA neurons integrate information
about prior rewards and reward expectation and reward into
RPEs is particularly salient in the human literature, due to diffi-
culties of recording activity from DA regions in living humans.
Previous studies have leveraged neurosurgical interventions to
examine human dopaminergic activity using microelectrode re-
cordings to record single unit activity from the SN,%” or voltam-
metry approaches to record DA transients in the striatum.'%"
These studies have demonstrated that post-reward activity in
the human dopaminergic system reflects reward signals,
including unexpected rewards and RPEs. However, whether
and how reward expectation signals, reflecting reward history,
short-term expectations, or incremental learning mechanisms
(RPEs) are encoded in the human dopaminergic system remains
unknown. In this study, we use the term “expectation signal” to
refer specifically to neural activity during the pre-outcome period
that reflects recent reward history (i.e., the outcome of the imme-
diately preceding trial), rather than a formal predicted value
derived from incremental reinforcement learning models.
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Figure 1. Invasive microelectrode record-
ings and the slot machine task

(A) Electrode placement during DBS surgery for
patients with Parkinson’s disease. Microelec-
trodes were parked past the ventral border of the
subthalamic nucleus, and single-unit recordings
were taken from the substantia nigra.

(B) Two-armed bandit slot machine behavioral
task. Patients choose between two slot machines
with 80%/20% and 20%/80% probability of a
better/worse outcome. Patients play 3x35-trial
blocks in pseudo-randomized order, with
either +$10/0 (reward block), +$10/-$10 (mixed
block), or -$10/$0 (punishment block) outcomes.
The contingencies switched twice between slot
machines during each block. The patients are
shown the slot machines until they make a choice.
After a machine is chosen, it spins for 3 s until
landing on the outcome, which stays on the screen
for 1 s before the slot machines reset and a new
trial starts.

(C) Microelectrode data (left) is high-pass filtered,
spike sorted to identify individual units (middle),
and manually processed to discard or merge
clusters into the final units per recording (right).

3 seconds

Feedback period
1 second

Firing Rate (Hz)

(D) Histogram shows the firing rates of all neurons collected. The red dashed line represents 15 Hz, which was used as the firing rate cutoff between putative
dopaminergic (<15 Hz) and GABAergic (>15 Hz) neurons. We also used a waveform width cutoff (>~0.8 ms for putative dopaminergic neurons) but found no
neurons that were classified as putative GABAergic neurons under this criterion (all >0.8 ms).

Here, we sought to investigate whether reward expectation
signals can be detected in the activity of individual human SN
neurons. We recorded single-unit activity (SUA) intraoperatively
from the SN of patients undergoing deep-brain stimulation
(DBS) surgery for Parkinson’s disease (PD) while the patient
played a two-armed bandit task in which they chose between
two slot machines with different outcome probabilities that
reversed at certain points in the task. We examined neuronal
firing rates (FRs) in combination with the computational modeling
of patients’ strategies. Our results indicate that patients’ choices
were adequately modeled by lose-switch/win-stay or reward
learning (Rescorla-Wagner (RW)) models, in which choices are
strongly determined by the outcome of the preceding trial. Pre-
vious trial outcome was reflected in neural activity: The FR of pu-
tative DA SN neurons was higher following positive (+$10)
compared to neutral ($0) and negative (-$10) outcomes. Further-
more, previous outcomes impacted patients’ reaction times
(RTs), with faster responses following positive compared to
negative/neutral outcomes. Together, these results suggest
that the neural activity of human SN neurons reflects recent
reward history and could be associated with variation in behav-
ioral response vigor. Our results provide novel evidence for the
potential encoding of reward history within the human dopami-
nergic system and suggest that this activity may mediate the
relationship between reward history and motivational drive.

RESULTS
We carried out SUA recordings during two-armed bandit play in
13 sessions from patients with PD (n = 11; 7 male, 4 female,

average age = 65.71 + 7.69 years) who were undergoing DBS
lead implantation in the subthalamic nucleus (STN). The
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microelectrode tip was placed in the SN, past the ventral border
of the STN (see Figure 1A and Methods) to record activity of SN
neurons. We carried out 8 recordings from the left side of the
brain and 5 recordings from the right side of the brain, with bilat-
eral recordings in two patients (Table S1). The location of the
electrodes was calculated in patient space as opposed to MNI
space to account for errors associated with co-registering small
subcortical structures. We recorded from a total of 27 neurons,
for an average of 2.077 + 0.277 neurons per session. To deter-
mine the putative identity of individual neurons, we used two
different criteria: FR and spike width. We classified neurons
with an FR below 15 Hz and a waveform width >0.8 ms as puta-
tive DA neurons and those with greater than 15 Hz FR and/or a
waveform width <0.8 ms as putative GABAergic interneurons.?
Out of our 27 neurons, 22 were classified as putative DA neurons
(average FR = 4.883 + 4.657 Hz) and 5 neurons were categorized
as GABAergic (average FR = 33.414 + 10.607 Hz, Figure 1D,
example peristimulus time histograms for example neurons in
Figure S1).

Patients played a multi-round two-armed bandit task in which
they chose between two slot machines with probabilistic reward
outcomes (Figure 1B) with the goal of maximizing their overall
reward. The task had three blocks with 35 trials per block: a
reward block (+$10/$0 outcomes), a punishment block (-$10/
$0 outcomes), and a mixed block (+$10/-$10 outcomes). Block
order was randomized across patients. One of the machines
had a high probability (80%) of resulting in the better outcome,
and the other had a low probability (20%) (Figure 1B). To mini-
mize motor confounds, the initial location (left/right) of the high
reward machine was randomized, and reward contingencies
were reversed twice throughout the task, between trials 12/13
and trials 24/25.
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Figure 2. Patient behavior and computational modeling

Average patient behavior across the (A) rewards, (B) punishment, and (C) mixed blocks. Patients played 3 blocks corresponding to reward/punishment/mixed
conditions in pseudo-randomized order. Within each block, win/loss probabilities (80%/20%) were switched twice (dashed vertical lines). The horizontal dashed
line represents chance (50%).

(D and E) Percent of correct choices in which the patient picked the machine with more frequent better outcomes, per patient, across all blocks (D) and the
average = standard error of the mean within each block (E). Dashed line represents the chance (50%). The majority of patients selected the correct machine over
50% of the time (n = 10/11 patients).

(F) Computational modeling of behavior compares the three models considered: a random choice model (Random), a Heuristic win-stay/lose-switch model
(Heuristic), and a Rescorla-Wagner model (Rescorla Wagner, RW). The RW produced the best fit to patient behavior (lowest average BIC score), but there was no
significant difference between the average BIC scores of the Heuristic and RW models (paired t test, p-value = 0.7225). Both Heuristic and RW models had a
significantly lower BIC score than the random model (paired t test; heuristic p-value = 0.0046, Rescorla-Wagner p-value = 0.0049). Average BIC + standard erorr

of the mean shown across models.

Computational model reveals patients’ choices were
dependent on the outcome of previous trials
We started by characterizing patient behavior using model-free
metrics: number of wins and losses per block, as well as the per-
centage of trials in which the patient picked the machine with the
higher reward probability (correct choices). Patients adjusted
their behavior after contingency reversals and picked the new
machine with the higher reward rate (Figures 2A-2C, reward
67.91 £ 12.29%, mixed = 67.03 + 12.0%, punishment
56.57 + 16.0%). Overall, patients performed better than chance
(Figure 2D, p = 3.6583e-11, binomial test), indicating that they
understood the game. There was no difference in the proportion
of correct choices between blocks (Figure 2E, reward vs. punish-
ment: p = 0.081, t(12) = 1.905, Cl = [-24.502 1.645]; reward vs.
mixed: p = 0.815, t(12) = 0.240, Cl = [-8.866 7.108]; punishment
vs. mixed: p = 0.060, t(12) = —2.078, Cl = [-21.613 0.515], paired
t test).

Next, we sought to further understand the behavioral strate-
gies used by patients through the computational modeling of

behavior. We fit patient behavior to three different model alter-
natives: a random model in which patients choose randomly
between the two options, a heuristic win-stay/lose-shift model,
and a RW model commonly used in RL.?**° In the heuristic
model, actions are determined by the previous trial outcome
(either a “good” or a “bad” outcome, which varied depending
on block type), using a win-stay/lose-shift rule. Under the RW
model, the agent learns from the previous outcomes to deter-
mine the values of each slot machine and act accordingly. To
determine which model fit the data the best, we focused on
the BIC score of the model, which balances model fit with a pen-
alty for the number of parameters and therefore helps to avoid
overfitting and facilitates fair comparison between models with
different complexities. The RW model produced the lowest
average BIC score when fitting the patients’ behavior overall,
closely followed by the heuristic win-stay/lose-shift model
(Figure 2F; Figure S2 for the result for parameter recovery). The
estimated learning rate for the RW model for most patients (n =
7/13) was 1 (mean = 0.7390, std = 0.4110), indicating that patient
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Figure 3. Sustained firing rate during the
expectation period is modulated by the pre-
vious reward outcome

(A) Activity raster plots from a representative
neuron (waveforms shown of each neuron),
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separated according to previous trial outcome:
negative (-$10, top), neutral ($0, middle) and
positive (+$10), bottom during the expectation
period prior between patient choice (t =
—3000 ms) and reward reveal outcome (t = 0).

(B) Average firing rate + standard error of the
mean during the expectation period split by pre-

Trials

vious reward outcome, averaged across trials.
The sustained firing rate was significantly greater
in trials following positive outcomes than in trials
following negative outcomes (p < 0.05, paired t
test) and neutral outcomes (p < 0.01, paired t test).
(C and D) as (A and B), for a second neuron that
only showed differences between negative (-$10)
and positive (+$10) previous outcomes.

patient choice but before outcome reveal
(8ss; Figure 1B). Since our modeling results
indicated that patients’ choices were
strongly determined by prior trial out-
comes (under either the RW or heuristic
models; Figure 2), we hypothesized that
neural signals reflecting reward expecta-
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choices under this model were heavily dependent on the previ-
ous trial. Overall, the computational modeling results indicate
that either an RW model with a high learning rate or a heuristic
win-stay/lose-switch model can capture the patients’ behavior.
Under either of these strategies, choices are strongly dependent
on the outcome of the previous trial, consistent with the notion
that reward expectations can drive behavior in both gradual
learning (i.e., in RL) as well as short-term processes (i.e., win-
stay/lose-switch heuristics).

Firing rate during expectation is modulated by prior
outcome

Next, we sought to examine whether individual SN neurons
encode reward history information. We analyzed the FR of putative
DA neurons (n = 22) during the reward expectation period, after

4 iScience 29, 115458, April 17, 2026

Previous trial outcome

dependent on prior trial outcome, with
neurons showing higher FRs in trials
following positive trials (+$10) than in
negative trials (-$10; two representative
examples shown in Figure 3). Some neu-
rons also showed a difference in FR between neutral ($0) and nega-
tive (-$10) outcomes, reflecting a gradual increase in expectation
period FRs going from negative to neutral to positive outcomes
(Figure 3B). To quantitatively examine the relationship at the trial
level and to help account for potential confounding factors, we
used a generalized linear model (GLM) and linear mixed model
(LMM) approach.?® First, we assessed the relationships among
the independent variables by running a correlation matrix analysis
between the previous motor action (left or right), previous trial
reward identity (win or loss), previous trial reward outcome (+10,
0, or —10), and previous trial RPE. We found that previous trial
reward identity and previous trial reward outcome were highly
correlated (r = 0.81, p < 0.05), whereas no significant correlations
were observed between the other variables (p > 0.05). Before con-
structing a final model, we ran univariate GLMs to identify which

0 +$10
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variables significantly contributed to the expectation period FR.
We found that previous trial reward identity and previous trial
reward outcome were significantly associated with the expecta-
tion period FR (previous reward identity p = 0.0011, 1(2240)
3.2718; previous reward outcome p = 6.694e-8, 1(2240) =
5.4174; previous action p = 0.7464, t(2240) = 0.3235; previous
RPE p = 0.3398, 1(2240) = —0.9547). Given the strong correlation
between previous reward identity and previous reward outcome,
and the lower AIC of the model including previous reward outcome
(146.2 compared to 159.0), the final linear model included previous
motor action, previous trial reward outcome, and previous trial
RPE as regressors for the expectation period FR. We ran this
model for each individual neuron and found that 8/22 neurons
showed a significant effect of previous reward outcome on the
expectation period FR, while no neurons showed significance for
previous action or previous RPE. After running the model on indi-
vidual neurons, we assessed the group-level effect, accounting
for individual differences across neurons by including a random
intercept. Among these variables, previous reward outcome was
significantly associated with FRs during the expectation period
(previous reward outcome p = 6.91e-8, 1(2217) = 5.412; previous
action p = 0.8901, t(2217) = 0.138; previous RPE p = 0.3264,
1(2217) = —0.982) (Table S2), with higher FRs in trials following re-
wards. To examine whether these effects were specific to the
expectation period, or whether they reflect sustained FR modula-
tion across trials, we run a similar GLM during the choice period (af-
ter slot machine presentation, but before choice). Although we
found a significant effect of previous reward outcome on FR during
the choice period (p = 0.0397, t(2217) = 2.058), the effect was
markedly smaller than during the expectation period, where mod-
ulation was strongest. A similar analysis including an interaction
term between previous reward outcome and trial types did not
reveal a significant interaction effect (p = 0.12), suggesting that
the relationship between previous outcome and FR is consistent
across blocks, and that pooling all task trials across does not
mask block effects. Finally, we examined whether neuronal activity
reflected motor activity by examining the average FR during the
decision period, but observed no movement-related modulation
at button press (Figure S5A).

Diverse firing rate responses to feedback in putative DA
neurons

Previous studies in rodents and humans® have demon-
strated that individual DA neurons encode unexpected reward
outcomes through FR modulation. To verify whether this was
the case in our dataset, we also examined putative DA responses
after reward outcome (feedback epoch) and compared FR
following rewarded (i.e., positive outcome trials) vs. unrewarded
(i.e., negative outcome trials). In this feedback epoch, we found
a subset of SN neurons (7/22, or 31.8%) whose FR was modulated
according to the reward outcome (Figure S3). Significance was
determined using individual uncorrected t-tests at each time point
post feedback. After doing more stringent permutation testing to
determine clusters of significance, only 1/22 neurons showed a
significant cluster difference in the post-feedback time domain.
Interestingly, whereas some showed an increase in FR following
unexpected rewards (4/22, or 18.2%), a different set of neurons
showed the opposite pattern, with FR decreasing following re-
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warded trials (3/22, 13.6%). In alignment with our expectation
period analysis, we also conducted a GLM analysis during the
post-reward outcome epoch (FR during the feedback period),
including the current action (left or right), current trial reward
outcome (+10, 0, or —10), and current RPE as regressors. None
of these variables had a significant effect on FR during the feed-
back period (reward outcome: p = 0.0559, t(2283) = 1.912; action:
p = 0.5068, t(2283) = 0.664; RPE: p = 0.2926, t(2283) = —1.053).
Overall, we found limited evidence for reward encoding at the
group level, which was especially salient in the mixed block where
the value difference between the different potential outcomes was
maximal (Figure S4). Therefore, we found some evidence for
reward encoding in putative DA neurons, but with a certain
amount of variation across individual neuronal responses.

Group-level encoding of reward history in neural activity
Next, we examined whether the reward history encoding was
present at the group level by comparing the FR of all putative
DA neurons during the expectation period across previous
outcome identities (-$10/$0/+$10). To compensate for the het-
erogeneity in baseline FRs across neurons, we normalized FRs
to the average expectation period FR per neuron across all trials.
For each neuron, we averaged the normalized FRs across trial
types. We found that FRs of putative DA neurons were higher
in trials following positive (+$10) vs. negative (-$10; p = 0.007,
Wilcoxon test; zval = 2.7346) and neutral outcomes ($0; p =
0.034, Wilcoxon test; zval = 2.1243; Figures 4A and 4B), but no
significant difference between trials following negative and
neutral outcomes (-$10 and $0, p = 0.285, Wilcoxon test;
zval = 1.0680).

Previous studies have shown a pre-reward ramping up of
dopaminergic activity as animals approach reward.'”*°° To
test for similar ramping dynamics, we carried out a linear regres-
sion between FR and time elapsed during the expectation
period, where a significant positive relationship would indicate
the presence of ramping. However, we did not observe such
an association (linear correlation coefficient = 0.0825, p =
0.753), suggesting that ramping dynamics were not present in
our dataset.

Group-level encoding of reward expectation in reaction
times

Finally, motivated by previous studies and models linking tonic
DA levels to response vigor,*® we examined whether differences
in prior outcomes also affected RTs. We found that RTs were
faster following trials with positive outcomes compared to after
neutral/negative outcomes (+$10 median = 0.916 s vs. -$10/$0
median = 1.017 s, p = 0.0175, Wilcoxon rank-sum test,
Figure 4C). Beyond this behavioral effect, we sought to assess
whether a direct association existed between putative dopami-
nergic neuron spiking and subsequent RTs. A mixed model anal-
ysis revealed a significant association between expectation
period FRs and subsequent RTs (estimate: —531.87, p =
0.0458), with block type included as a fixed effect and patient
ID as a random effect to account for inter-patient variability.
When the fixed effect for block type was removed, the p-value
increased to 0.0529, suggesting that the association is modest.
We note that the prior trial outcome was not included as a

iScience 29, 115458, April 17, 2026 5
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* Figure 4. Putative DA neurons encode pre-
vious reward outcome during the expecta-
tion period

- (A) Average normalized firing rate across all pu-
tative DA neurons during the reward expectation
period (3 s post-choice, prior to reward outcome
reveal), separated according to previous trial
outcome: negative (-$10), neutral ($0), or positive
(+$10). FR of putative DA neurons is higher for
previous positive outcomes than either previous
neutral (p < 0.05, Wilcoxon rank sum) or previous
negative outcomes (p < 0.01, Wilcoxon rank sum).
(B) Same data as (A) but showing individual pu-
tative DA neurons.

(C) Patient reaction times (RTs) varied depending
on the previous trial outcome. RTs were faster

' T
—_ —_

-$10  $0  +$10
Previous trial
outcome

-$10  $0  +$%$10
Previous trial
outcome

covariate in this model, and therefore, residual influences of prior
reward cannot be fully excluded. Nonetheless, our findings sug-
gest that trial-by-trial variations in expectation period FRs may
influence subsequent RTs, with higher FRs associated with
faster responses. At a broader level, we observed that the sus-
tained FRs of SN neurons were modulated during the reward
expectation period, with higher FRs during the expectation
period following positive outcomes. In addition to these neural
effects, previous reward outcomes also had a behavioral corre-
late, as participants exhibited faster responses following positive
outcomes.

DISCUSSION

The ability to compute differences between expected and ob-
tained rewards is fundamental for adaptive decision-making in
uncertain environments. This computation critically depends
on the previous history of reward, which informs reward ex-
pectations. Despite the known role of the dopaminergic sys-
tem in encoding RPEs, how these processes are represented
in the human brain remains elusive due to difficulties
recording from subcortical dopaminergic regions. Here, build-
ing on previous studies using intraoperative single unit record-
ings®’ and fast-scan cyclic voltammetry'®?° we aimed to
characterize how spiking activity of putative DA neurons in
the human SN reflects recent reward outcomes during a risky
decision-making task.

Choice behavior is influenced by previous reward
outcomes

Computational modeling revealed that patients’ behavior could
be captured by a win-stay/lose-shift heuristic or a high-
learning-rate RW model, both emphasizing a strong influence
of the outcome of the immediately prior trial. Conceptually, the
previous trial outcome can be thought of as a reward expectation
signal that does not necessarily rely on incremental learning pro-
cesses (i.e., reinforcement learning processes). Rather, previous
positive outcomes can directly lead to optimistic expectations,
resulting in a higher proportion of “stay” choices, while negative
outcomes lead to pessimistic expectations and strategic
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following a positive, compared to neutral or
negative outcomes (+$10 median = 0.916 s vs.
-$10/$0 median = 1.017 s, p < 0.05, Wilcoxon rank
sum).

$0/-I$1 0 +$I1 0

Previous trial
outcome

switches. Previous trial outcomes had a neurophysiological
correlate, with the FRs of putative DA neurons modulated by
the reward outcome of the preceding trial: FRs increased
following positive outcomes (+$10) compared to neutral ($0)
and negative (-$10) outcomes (Figure 3). Thus, previous trial
outcomes exerted a lingering influence on nigral activity during
the expectation period, with FRs scaling according to the out-
come’s valence. These results are broadly consistent with previ-
ous observations in animal models that the tonic firing of DA neu-
rons tracks values, with sustained firing increases following
signaled value increases'’***" and tonic activity encoding the
net reward rate.*® Recent evidence from animal models shows
that DA transients in the striatum track reward rates, but poten-
tially not in VTA DA responses,” whereas our results, in contrast,
suggest that human SN neurons can signal reward expectation
rates.

In addition to value encoding, tonic DA activity may enhance
motivation and facilitate faster motor responses in high-reward
contexts,®® consistent with our finding that patient RTs were
significantly faster following positive outcomes (Figure 4C). Addi-
tionally, we observed a negative trend between FRs of putative
DA neurons during the expectation period and subsequent
RTs, suggesting that higher DA activity is associated with faster
reactions. This aligns with previous human PET*® and behavioral
experiments*®*' showing that high expectations modulate the
DA system and enhance vigor,*®*? resulting in faster RTs. Alter-
natively, these effects may be explained by post-error slowing
after negative outcomes.****

Variability in post-reward responses of putative DA
neurons

Our study focuses on the pre-reward period, whereas most hu-
man electrophysiology studies have focused on the post-reward
period. While we observed responses resembling RPEs in some
dopaminergic neurons (Figures S3 and S4), post-reward re-
sponses were less robust than previous findings,® with only a mi-
nority of neurons showing such effects. Uncorrected analyses
suggested heterogeneity across a few neurons (with 4 neurons
showing post-outcome negative encoding, in which FRs were
higher for losses, and 3 neurons showing positive encoding;
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Figure S3). In addition, only one neuron survived more stringent
permutation tests, further demonstrating weak post-reward re-
sponses. As a consequence, we have limited ability to test
whether significant heterogeneity in neuronal encoding, which
has been previously shown in animal models'®*° also exists in
human nigra neurons. For example, dopaminergic neurons in ro-
dent SN and VTA are capable of reflecting positive, negative
RPEs or unsigned salience,**~*° with differences in the represen-
tation of RPE in SN and VTA®®; our results show weak evidence in
support of this heterogeneity in the human nigra. Future experi-
ments focused on characterizing the heterogeneity in response
of putative DA post-outcome responses in the human SN will
constitute a promising future direction. Finally, we examined
whether neurons with weak post-reward encoding also reflected
previous reward history, by testing whether neurons that re-
flected encoded both types of signal were more frequent than
expected, but found no evidence to suggest this (chi-square
test, p = 0.665). Therefore, we found no evidence to suggest
that there is selective mixing of previous reward history and
weak post-reward encoding. Future experiments focused on
characterizing the heterogeneity in response of putative DA
post-outcome responses in the human SN will constitute a
promising future direction.

From reward history to outcome

According to simple RPE models, RPEs arise from the arith-
metic combination of expectation and reward information'+>"
but the nature of their neural representations remains to be fully
determined. Some models assume independent representation
of both quantities converging at DA neurons.’>'5* Alterna-
tively, reward and reward expectations may be computed
redundantly in several different regions,'® with other expecta-
tion and reward signals combined in upstream input re-
gions.>>°” Within this framework, our data suggest that the
sustained FRs of putative DA neurons during the pre-feedback
period are shaped by reward history. Such signals may align
with, but are not limited to, processes related to reward expec-
tations, emphasizing that our definition captures a short-hori-
zon predictive component derived from reward history. More
specifically, the encoding of reward history during the pre-feed-
back period may provide the baseline against which subse-
quent outcomes are evaluated. In other words, by shaping
the predicted value of the current choice, reward history signals
could determine the reference point that is subtracted from
actual reward at the time of feedback. This mechanism would
naturally contribute to the computation of RPEs, even if such
signals are not identical to formal model-derived expected
values.

In summary, combining intraoperative SUA recordings with
computational modeling, we show that sustained FR modulation
in human SN neurons reflects prior trial outcomes, a signal that
could be related to reward history signals. Our findings provide
preliminary insights into the role of individual human nigra neu-
rons, representing recent outcomes, and add evidence to the
suggested link between dopaminergic dynamics and motiva-
tional vigor,®®°° enhancing our understanding of reward learning
and motivation in the human brain with implications for disorders
involving dopaminergic dysfunction.
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Limitations of the study

First, our dataset comprised 27 neurons recorded across 13
sessions in 11 patients with PD (average = 2.45 + 0.82 neurons
per patient). This small sample size reduces statistical power
and limits our ability to characterize population-level coding,
individual neuronal coding or between-subject variability. As a
consequence, given the limited power to make inferences on in-
dividual neuron coding (Figure S3), we instead focus on popula-
tion-level results, which were statistically significant despite
these dataset limitations (Figure 4). Second, all recordings
were obtained from a PD cohort undergoing DBS surgery; while
previous studies using similar intraoperative methods have
yielded valuable insights into human dopaminergic function,
caution is warranted when generalizing our findings to healthy in-
dividuals, as chronic dopaminergic degeneration in PD may alter
neuronal physiology. Moreover, we acknowledge the difficulty of
including an appropriate control group for comparison in intrao-
perative human recordings, which is not possible in healthy
participants and further constrains the interpretability of our re-
sults. Third, although we successfully selected lower FR neu-
rons, resulting in a high proportion of putative DA neurons (n =
22/27) compared to presumed GABAergic neurons (n = 5/27),
classification relied primarily on FR and spike waveform width.
We chose to focus exclusively on these two metrics for simplicity
and for consistency with previous human studies.®’ Due to our
experimental limitations, neurochemical confirmation was not
possible in this context, limiting our ability to directly estimate in-
dividual cells’ signaling profiles. Fourth, the behavioral task was
conducted in a short period of time intraoperatively, which may
have made it difficult for patients to engage in incremental
learning processes. Fifth, although we chose to use Osort for
consistency with previous human single-unit studies,®’ it is likely
that other methods, such as Kilosort®' or UMAP-based sorting®”
would also be effective at spike sorting human data; future
studies comparing these methods may be valuable. Finally, lim-
itations in signal-to-noise ratio resulted in insufficient statistical
power for separate analyses per block, precluding finer-grained
within-block analyses.
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KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Deposited data

Original Code GitHub https://github.com/zarghonai/single_unit

Software and algorithms

MATLAB MATLAB https://www.mathworks.com/products/matlab.html

OSort Rutishauser et al. https://www.urut.ch/new/serendipity/index.php?/pages/osort.htmi

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Research protocol was administered in accordance with the Icahn School of Medicine at Mount Sinai Institutional Review Board
(Study 13-00415). Participants age and sex are listed in Table S1. There were 13 sessions from a total of 11 participants (n=11; 7
male, 4 female, average age = 65.71 + 7.69 years). Due to the limited sample size, influence of sex and gender was not examined
on the results.

METHOD DETAILS

Deep brain stimulation surgery

We used intraoperative microelectrode recordings from patients undergoing DBS surgery for Parkinson’s disease. Patients were
consented for research prior to their surgery date. Patients were off their medications at least 9 hours prior to the surgery as per sur-
gical protocol. The instructions of the task were explained during the consent and again before playing the task. The surgery pro-
ceeded as per clinical routine and research was conducted when the patients were woken up for clinical testing during DBS targeting.
A tungsten microelectrode with power-assisted Microdrive was lowered through the brain following the tractography previously
determined by the clinical team.®® The surgeon (B.K.) lowered the electrode into the SNr after determining the ventral border of
the STN and then listened for unit firing to confirm the location of the electrode (Figure 1A). The recordings were done from the dorsal
substantia nigra. Once the surgeon was satisfied that stable spikes could be detected, the electrode was stationary for the duration of
the experiment. To maximize our chances of recording from dopaminergic neurons which have lower FRs, we actively sought quieter
neurons with lower spike frequencies, versus highly active neurons which were likely to be identified as putative GABAergic neurons.
The patient was woken up during the surgery once the electrode was implanted for clinical testing, at which point they performed the
task. Research time during the surgery was limited to 15 minutes or less (average = 10.30+2.48 min).

Behavioral paradigm

Patients played a two-armed bandit task in which they had to press a button to choose between two slot machines with initially un-
known reward probabilities. Patients were taught the layout of the task and had a chance to practice in the days prior to their surgery
and then again right before starting the game during surgery. Patients were instructed to maximize their reward by finding and
choosing the machine that had the higher probability of resulting in the better outcome. The task had three blocks with 35 trials
per block: a reward block, a punishment block, and a mixed block, whose order was randomized across patients. Each block
had different win and loss outcomes; the reward block had positive (+$10) or neutral (+$0) outcomes; the punishment block had
negative (-$10) and neutral (-$0) outcomes, and the mixed block had positive (+$10) and negative (-$10) outcomes. The two machines
had different probabilities of resulting in the better outcome. One had a high probability (80%/20%) and the other had a low prob-
ability (20%/80%) (Figure 1B). These probabilities switched twice throughout each block on trials 12/13 and trials 24/25 depending
on the reversal condition. The location of the machines stayed the same throughout the block while though the better machine
switched between left and right. The task was balanced between which machine was the better machine throughout the entire
task. The patients were made aware of this during the instructions to the task. Patients were taught the layout of the task in the
days prior to their surgery and then again right before starting the game during the surgery. Patients were told the objective of the
game was to maximize their reward by finding and choosing the machine that had the higher probability of giving the winning amount.
The task took approximately 10 minutes on average (mean = 10.30+2.48 minutes), and patients were not compensated for partici-
pating in research as per IRB protocol. Only patients who completed the full task were considered for analysis. For reaction times
analyses, we measured the time between trial presentation and choice and excluded trials with response times shorter than 300 mil-
liseconds and longer than 12 seconds which are likely due to patient error.
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Computational modeling of behavior
For each patient, we first calculated model-free metrics of behavior: number of wins and losses in each block as well as the number of
times the machine with the higher reward probability was picked regardless of whether it actually resulted in the better outcome.
To determine which learning method our patients were using to make their decisions we carried out model comparison in MATLAB.
We evaluated a random model in which patients chose randomly between the two options, a heuristic win/stay-lose/shift model, and
a Rescorla-Wagner model. We first validated the models testing them with simulated data for each model based on the parameters of
the task. For the random model, actions were selected randomly whereas with the heuristic model actions were simulated based on
the outcome produced by the previous action (either a win or loss). In the Rescorla-Wagner model, the agent is expected to use the
outcomes from previous trials to determine the values of each slot machine and act according to those expected values. The param-
eters examined in the Rescorla-Wagner model are the learning rate (a) and the inverse temperature () which signifies the level of
predictability of choice.®* The value update function can be written as:

Qf, =Q + a(rt - Qf),

where « indicates the learning rate, which captures the extent to which the prediction error, updates the cached value, ranging from
a = 0 for a non-learner agent to « = 1for maximal learning from the prediction error. The RPE is captured by the term (r; — Qf ), indi-
cating the difference between the expected (Qf) and the obtained (r;) reward. Therefore, the higher the learning rate, the faster an
agent updates their values and takes more recent outcomes into account, whereas a lower learning rate means the agent updates
their values at a slower pace and looks at the trend of outcomes beyond the most recent one. The mapping of values to choices is
achieved through the following SoftMax equation:

e’
plt( = kK
Yo%

where 0 is the ‘inverse temperature’ parameter that controls the level of stochasticity in the choice, ranging from 6 = 0 for random
responding to 6 = oo for deterministically choosing the highest value option. The learning rate is dependent on both the unconditional
and conditional stimuli.”®

Following data simulation, we did parameter recovery for the Rescorla-Wagner model. Parameter recovery involves using the
simulated data with known parameters and fitting the model with the simulated data to recover the parameters back again. The
recovered parameters are then compared to the initial parameters to check for correlation. If there is a high correlation, that confirms
that the model parameters are identifiable from the task.® Finally, we compared the models using a confusion matrix which allows us
to see if the data simulated using a certain model is best fit only by that model (Figure S2). If data is better fit by another model that
could mean that model is not identifiable with the data and the experimental parameters.®® We followed these steps first for the entire
task without splitting by block followed by splitting by block. We used the outcome to these results to first check if the task was suited
for a RL model or if a more complex learning model would be required to model this task. Secondly, by estimating the best model for
each of our patients’ behaviors, we can confirm that our patients understood the objective of the task and were making informed
decisions as opposed to selecting randomly.

Model implementation and inference

We implemented three candidate choice models in MATLAB and fitted them by maximum likelihood using constrained optimization
(fmincon). Random-choice model (M1): included a single parameter b in [0,1], the probability of choosing option 1 (option 2 chosen
with probability 1—b). Rewards did not influence choices. The negative log-likelihood (NLL) was —ZX log p(a_t). Win-stay/lose—shift
model (WSLS; M2): used a symmetric lapse parameter ¢ in [0,1]. On the first trial, choices were uniform [0.5, 0.5]. After a rewarded
trial (r_{t—1} =1), the model stayed with the previous action with probability 1—¢/2 and switched with probability €/2. After an unre-
warded trial, it switched with probability 1—/2 (stayed with probability €/2). The NLL was computed from the trial-wise choice
probabilities.

P(repeat choice at trial t) = {1 ifreward_(t — 1) > 0; Oifreward_(t — 1) < 0}

Rescorla-Wagner model (RW; M3): estimated a learning rate « in [0,1] and an inverse temperature § in [0,50]. Q-values were initial-
ized to Q1 = Q2 = 0.5. On each trial, choice probabilities followed a softmax:

p(at = i) = exp(p * Qi) /Z_jexp(p = Q).
Values were updated via:
5.t =rt— Qat}Qfat}<Q{at}+a=xdt

We minimized the NLL returned by the likelihood functions for each model. Initial values followed the code defaults (e.g., RW: a ~
Uniform(0,1), p ~ Exponential(mean = 1)). Model comparison used the Bayesian Information Criterion (BIC = kin(n) — 2LL, with k the
number of free parameters and n the number of trials).
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Electrophysiological data collection

Neural data was recorded from an Alpha Omega machine (Alpha Omega, Nazareth lllit, Israel) routinely used for microelectrode re-
cordings in our DBS cases. Neural data was digitized at a rate of 44000 Hz and filtered between 300-9000 Hz to isolate high-fre-
quency activity reflecting neuronal spiking. Filtered data was analyzed with the OSort spike sorting software.®® Briefly, spikes
were detected if the bandpass filtered signal crossed a threshold determined as five times the standard deviation of the average
amplitude of the signal. Once a new spike was detected, the multidimensional distance from the spike to clusters of similar spikes
already formed was calculated. If the distance was smaller than a threshold calculated as the square of average standard deviation of
the filtered signal calculated along a sliding window times the number of datapoints in a single waveform, then it was added to an
existing cluster, but if it was larger than the threshold a new cluster was formed.®® The clusters were then manually examined for
artifactual waveforms, or clusters that were artificially split and merged if necessary (Figure 1C). Clusters were also determined to
be artifactual if their inter-spike-interval was within 3 ms greater than 5% of the time. To determine if clusters were artificially split,
we analyzed the projection tests outputted by OSort. The projection test compares each cluster against each other by looking at
the distance between each cluster and examining if the clusters are far apart enough to consider them two separate clusters.

To distinguish between dopamine neurons and GABAergic interneurons, we calculated the average FR of individual neurons. Pu-
tative DA neurons were classified as having an average FR less than 15 Hz, and putative GABAergic interneurons were classified as
having an average FR greater than 15 Hz.?? Neurons with an average FR less than 0.5 Hz were discarded. Additionally, we looked at
the waveform width in milliseconds of each neuron which was defined as time from baseline to baseline of the waveform. We clas-
sified neurons with a FR below 15 Hz and a waveform width >0.8 ms as putative DA neurons and those with greater than 15 Hz FR
and/or a waveform width <0.8 ms as putative GABAergic interneurons.??

The neural recordings were epoched time locked to the events in the game. We focused on a range of —3000 ms—1000 ms around
outcome reveal. That time frame was chosen because the time in between choice and outcome reveal was 3000 ms and then the
outcome stayed on the screen for 1000 ms. Raster plots showing timing of individual spikes were generated for each neuron per
block. We then computed the z-scored FR for the average response curve pre, and post outcome reveal for win and loss trials
per block. Z-scoring was done by normalizing the FR against the average expectation period FR for the neuron by subtracting the
average expectation period FR for the neuron and dividing by the standard deviation of the expectation period FR.

Linear mixed model analyses

We used linear mixed model (LMM) analyses to examine the relationship between neuronal firing rates and behavioral and compu-
tational regressors of interest, while accounting for inter-individual differences. For examining the potential behavioral influences on
FR, our LMM included previous motor action (left or right), previous trial reward outcome (+10, O, or -10), and previous trial RPE as
independent variables (regressors), neuron ID as the random intercept, and average FR for each neuron during the expectation
period as dependent variable:

FR ~ 1 + previous motor_action + previous_reward outcome + previous_trial_ RPE + (1|neuron)

To examine if the reward outcomes should be split by block type, we carried out a separate GLM that included an interaction term
between previous reward outcome and block type on expectation period firing rate:

FR ~ 1 + previous_reward outcome x condition

We also used GLM analysis to examine the effect of the independent variables motor action (left or right), reward outcome (+10, O,
or -10) and RPE on the dependent variable of the feedback firing rate, specified as:

FR (feedback period) ~ 1 + motor_action + reward outcome + RPE

Finally, we also used a mixed effect GLM model to examine the relationship between FRs and RTs, including block type as fixed
effect and patient ID as random effects:

RT ~ 1 + previous FR + block type + (1 | patient ID)

QUANTIFICATION AND STATISTICAL ANALYSIS

Statistical details can be found in the results section as well as the respective figure legends. Data was reported as mean + standard
deviation. Various statistical tests were used based on the best fit for the data. Averages data for patients or neurons across different
conditions were analyzed using paired t test (Figures 2, 3, and 4A). Individual trial data was analyzed using a linear model to examine
significance across multiple variables. A non-parametric Wilcoxon rank-sum test was used for not evenly distributed data in the re-
action time analysis (Figure 4C). For examining significant time periods, permutation cluster testing was used. Significance across all
statistical tests was determined by p < 0.05. All statistical analysis was done in MATLAB.
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